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Abstract

The Biological Magnetic Resonance Data Bank (BMRB) contains NMR chemical shift
depositions for over 200 RNAs and RNA-containing complexes. We have analyzed the 1H NMR
and 13C chemical shifts reported for non-exchangeable protons of 187 of these RNAs. Software
was developed that downloads BMRB datasets and corresponding PDB structure files, and then
generates residue-specific attributes based on the calculated secondary structure. Attributes
represent properties present in each sequential stretch of five adjacent residues and include
variables such as nucleotide type, base-pair presence and type, and tetraloop types. Attributes

and *H and 13C NMR chemical shifts of the central nucleotide are then used as input to train a
predictive model using support vector regression. These models can then be used to predict shifts
for new sequences. The new software tools, available as stand-alone scripts or integrated into the
NMR visualization and analysis program NMRViewJ, should facilitate NMR assignment and/or
validation of RNA 1H and 13C chemical shifts. In addition, our findings enabled the recalibration a
ring-current shift model using published NMR chemical shifts and high-resolution X-ray structural
data as guides.
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Introduction

RNAs participate in a large and growing number of known biological functions including
catalysis, transcriptional regulation, maintenance of sub-cellular structure, intracellular
trafficking, antiviral restriction, and of course, storage and transmission of genetic
information (Bartel 2004; Bessonov et al. 2008; Boisvert et al. 2007; Brodersen and Voinnet
2006; Doudna and Rath 2002; Edwards et al. 2007; Hassouna et al. 1984; Kim 2005;
Korostelev and Noller 2007; Steitz 2008; Wakeman et al. 2007). A significant portion of the
Eukaryotic genome is transcribed into non-coding RNAs, and many of these have unknown
functions (Ponting et al. 2009). Secondary structures of non-coding RNAs with known
functions appear to be evolutionarily conserved (Hamada 2015), and it is now generally
accepted that, like proteins, RNA function is tightly correlated with structure. Compared to
proteins, understanding of RNA structure—function relationships is limited, due in part to a
paucity of structural information: There are presently about 2700 RNA-containing structure
depositions in the Nucleic Acid Database (NDB; http://ndbserver.rutgers.edu), whereas
more than 99,000 protein-containing structures have been deposited in the Protein Databank
(PDB; http://www.rcsb.org/pdb/home/home.do).

The development of tools to facilitate NMR signal assignment and/or assignment validation
could be of significant assistance in expanding the RNA structure pipeline. Assignment of
chemical shifts to individual atoms is generally a prerequisite to the determination of angular
and distance restraints used to calculate 3D RNA structures (Wthrich 1995). In addition,
because chemical shifts are dependent on 3D structure, they have potential intrinsic value as
restraints for structure calculations. A variety of approaches have been used to predict
chemical shifts in nucleic acids, including an empirical database approach we employed that
is based on a central nucleotide and its neighbors (Barton et al. 2013). A similar approach
was originally developed to analyze proton shifts in DNA (Altona et al. 2000; Kwok and
Lam 2013; Lam 2007; Lam et al. 2007; Ng and Lam 2015). Trends in shift patterns for 13C
have also been determined by the examination of database depositions (Fares et al. 2007).
Where 3D structural information is available chemical shifts can be predicted using physical
parameters such as ring current shifts (Cromsigt et al. 2001; Dejaegere et al. 1999; Sahakyan
and Vendruscolo 2013), data mining approaches with multiple structure based attributes
(Frank et al. 2013), distance-based approaches (Frank et al. 2014), or ab initio quantum
mechanical calculations (Fonville et al. 2012). A primary motivation for developing an RNA
chemical shift prediction algorithm was to be able to predict shifts in the absence of 3D
structures, so that they could be used as an aid to the NMR assignment process. We have
therefore focused on developing approaches that use attributes from the primary and
secondary structure as input, and that are trained with shift values available in database
depositions.

Our previous work focused on predicting *H NMR chemical shifts of non-exchangeable
protons for residues in A-form helical regions of RNAs (Barton et al. 2013). That protocol,
which employed a linear regression based method to estimate the contribution of different
chemical environments derived from the nucleotide sequence and base-pairing, was able to
predict shifts with a high degree of accuracy (cross validated rms deviation of 0.06 ppm).
However, the approach required labor-intensive examination of various data types to
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generate the attribute descriptors used in training the prediction model, and was only used to
model 1H NMR chemical shifts for base-paired residues (G-C, A-U, or G*U) that were both
preceded and followed by additional base paired residues.

Unlike DNA, RNA is often found in a variety of non-helical conformations, and these non-
helical residues often play central functional roles. Restricting predictions to helical regions
therefore meant that assignments for residues in interesting structural regions were not
predictable. The ability to predict 13C NMR chemical shifts could also be useful, both for
facilitating assignment of heteronuclear 1H-13C NMR spectra and as potential restraints for
structure determination. We therefore expanded our prediction model to include both
hydrogen and carbon shifts, and also to include residues in non-A-form RNA conformations
(i.e. the complete RNAs under investigation). We also automated the data mining and
secondary structure assessment protocols, enabling convenient refinement of the prediction
models as new data are added to the databanks, and have incorporated these new tools into
both stand-alone and existing software packages.

The NMR chemical shift data were analyzed using a set of computer programs that are a
major rewrite and extension of the RNAShifts program described in our earlier publication
(Barton et al. 2013). The software was rewritten in the Python programming language and
several major enhancements were made. First, the retrieval of data files was automated. The
program begins by using an input file with a list of entry numbers corresponding to
depositions at the Biological Magnetic Resonance Data Bank (BMRB). This input list was
generated using the BMRB web site to search for entries containing RNA and RNA-protein
shifts. RNAShifts2 automatically fetches the corresponding version 3.1 BMRB STAR file
for each entry, and then using the BMRBLIB software extracts the PDB 1D within the star
file, and fetches the PDB structure file from the PDB website (Fig. 1).

Our original data analysis relied on the tedious manual analysis of PDB files, literature
references and the BMRB entries to generate our set of predictive attributes. The second
major advance was to largely automate this process (Fig. 1). Attribute generation involves
the use of our own Python scripts and invocations of the external programs Defining the
Secondary Structures of RNA (DSSR) and Structures of Nucleic Acid-Protein Structures
(SNAP), components of the 3DNA suite of software programs (Lu and Olson 2008; Lu et al.
2010). Using the structural information from the PDB file, DSSR identifies secondary
structural information including base pairing, multiples, pseudoknots, multiple chains, and
other attributes. SNAP also uses the PDB file to identify any protein interactions within the
RNA structure. The output files of these two external programs are parsed and the relevant
information is synthesized into an output template file that contains all the derived attributes
for each BMRB entry in a format used for RNAShifts2 as illustrated in Fig. S1 of the
Supplementary Material. There were cases where RNAShifts2 could not properly generate a
template for certain BMRB entries, where no PDB file was available, or where we had
locally derived data that hadn’t yet been deposited in the BMRB database. To handle these
situations we allow the software to check for and use manually generated template entries.
Intermediate files (including BMRB entry files and PDB files) are cached so when the
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software is run multiple times the files are only fetched or generated if they are not already
present.

The RNA chemical shift prediction analysis focuses on the central nucleotide in a stretch of
five nucleotides: [5’-nj-o—nj-1—N-nj+1—Nj+2-3"] (N = nucleotide for which the NMR shifts
are being evaluated; n = neighboring nucleotides). The list of attributes generated using the
automated protocol described above thereby describes the chemical environment
surrounding the central nucleotide. Each nucleus is currently described by a set of 10
attributes. The first five represent the nucleotide and its base paired nucleotide (if any) for
each of the five sequential positions. Watson—Crick base pairing, loops, mismatches and
similar attributes are all implicitly represented in the base pair entry at each position. The
first (nj—) and last (n;+2) positions are represented in a simplified format where the
nucleotide and its base pair are only presented as being either a purine or pyrimidine (rather
than the four specific nucleotides used at the other three positions). Empty values for the
first one or two, and last one or two positions, are used at the 5" and 3’ termini. The
remaining five attributes represent any additional attributes for each of the five positions.
These include values such as the position in a tetraloop, multiplets, stacking, and
pseudoknots. Figure S1 of the Supplementary Material illustrates a simple RNA sequence,
the text file description of the template, and an example set of attributes that are used as
input to the support vector regression software.

Available chemical shift values were extracted from the BMRB files for non-exchangeable
(Hg, Hy, Hg, Hs, Hy/, HY', and Hs’) protons and the corresponding carbon nuclei. Inclusion
of data for carbon nuclei is another significant advance from our previous work. Adding
additional atoms or elements (N or P) requires the trivial addition of the element and atom
names to an input file. At present we’ve restricted the program to the carbon and hydrogen
elements and the above atoms, as they are the ones with the most comprehensive set of
currently available data.

In our original work we used a linear analysis with PACE regression (Wang and Witten
2002) to model the contributions of each attribute to the observed chemical shift. This
allowed a simple calculation of the modeled chemical shift, and an understanding of the
relative contributions of different attributes. The linear contribution model however limits
the ability to model different environments without using an excessively large number of
attributes. In the current work we’ve allowed for more complex attribute contributions by
using support vector regression (SVR) with non-linearity provided by a Radial Basis
Function Kernel. There is a wide range of data mining algorithms that could potentially be
used for predicting chemical shift values from a set of attributes including decision trees,
neural networks, and linear regression (Witten et al. 2011). The SVR technique was chosen
both for its ability to produce a sparse solution at the global minimum (Bishop 2006), but
also because efficient code was available to readily include the prediction model as an
integrated component in NMRViewJ. Alternative methods such as neural networks were
investigated, but require complex decisions about network topology and the code libraries
did not lend themselves to simple embedding of the prediction code. SVR calculations were
performed using the Java library, libsvm (Chang and Lin 2011) which could be used both in
a standalone mode for training, but also used as an integrated library in NMRViewJ. As with
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our previous work we assessed the quality of the predictions using a tenfold stratified cross-
validation during our analysis. This method trains the model on 90 % of the data and uses
this to predict the remaining 10 %. This process is repeated ten times using a different set of
data each time and derives rms deviations based on the whole process. Cross-validation was
done as implemented in the libsvm library.

The quality of predictions depends in part on factors that are not included in the training
model and on the quality of the input data. We did not explicitly include sample conditions
(pH, temperature, ionic strength, etc.). These can have both an overall effect on the average
shifts, and an influence on the shifts of particularly sensitive nuclei. Factors that influence
the overall quality of the data include errors in referencing and specific miss-assignments.
We minimize the impact of these factors on the performance of the predictive models in two
ways: automatic reference adjustment and outlier removal. We skipped any BMRB files
where we could detect that the molecular structure had unusual attributes such as DNA-
RNA hybrids or extensive use of non-standard nucleotides or nucleotide linkers as these
were unlikely to be represented in sufficient numbers for accurate modeling.

Reference adjustment was performed by a two-step procedure. First we used a protocol for
adjusting the carbon chemical shifts based on the expected shifts of GC-GC pairs commonly
found at the termini of synthesized RNA (Aeschbacher et al. 2012). Certain carbon shifts in
these terminal nuclei have characteristic shifts. Deviation of measured shifts from the
expected value is particularly good for detecting a common error of approximately 2.7 ppm
made when calibrating the carbon shifts. Next we used the consensus-based procedure
described in our earlier publication. In this protocol the predictive model is trained once and
the average error for the proton and carbon shifts from each BMRB entry is calculated. The
average error in the prediction is then subtracted from each shift and the model is then
retrained with the now corrected shift data. This is a useful addition to the reference protocol
because not all sequences have the GC-GC terminal pairs or some necessary shifts may be
missing. Additionally, we noted that different referencing errors could be observed for
different carbon types. For example, the reference error for carbon atoms in the ribose ring
could be different from the error for base carbons, suggesting that users made different
reference errors in different NMR experiments. Because of this we calculated the reference
error separately for ribose and base atoms. If the error was similar for both categories a
single average correction was used.

The compensation for assignment errors and other non-modeled effects on specific chemical
shifts was done by manually and automatically trimming outliers. Obvious errors in shifts
that were observed in plots were manually removed by entering an atom identifier into a text
file. Atoms with entries in this error file were ignored during subsequent analysis steps. The
automated trimming was performed by running two passes of the prediction analysis. The
rms deviation between the experimental and predicted values were calculated using all the
data for each atom of each of the four bases, and any data values that were beyond three
times the measured rms deviation value were marked as being outliers. The second pass was
then performed on the database excluding the outliers.
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Output of the above analysis includes the cross-validated rms for each atom, an overall rms
for carbon and protons, and prediction models in libsvm format. Additionally, average
prediction errors for each BMRB file and various atom specific reports can be generated.

The good results of the prediction analysis (see “Results and discussion” section) suggested
the possibility of using our model to calibrate parameters used in deriving chemical shifts
with a ring current shift model. We used the prediction model to predict the chemical shifts
of the sequence of the 19-residue A-form helical RNA of chains C and D of PDB entry
1QCO0 (1.55 A resolution). The sequence and helix secondary structure were provided to our
prediction software and predicted proton shifts determined.

Ring current effects can be described (Case 1995) as the product of three terms, G(r), a
geometric factor that depends on the position (r) of the target atom relative to the aromatic
ring, B a constant representing contributions of a benzene ring (here set to 5.455 x 1076 A),
and i an intensity factor that scales the contribution of a specific ring type to that of benzene:

ore=IBG(r) (1)

The PDB model was loaded into NMRViewJ and for each proton with a predicted chemical
shift we calculated the geometric contribution (G) of each aromatic ring to the proton (Haigh
and Mallion 1980) multiplied by the i and B values given by Case (1995). A matrix equation
was then established as follows:

Ax=b (2)

Each row of the matrix A and vector b represents one of the predicted protons. The first 13
columns of matrix A are binary values with only one of the columns set to 1. That column
represents the type of the proton. Proton types were AH2, AH8, GH8, CH5, UH5, CH6,
UH6, AHY/, GHY/, CH1’, UH1’, H2/, H3'. Preliminary analysis showed little difference in
shifts for H2” and H3” so we minimized the number of total attribute columns by grouping of
H2’ and H3’ into single types for the four different bases. The final column of matrix A
contains the sum of all the ring current contributions of all nearby rings in the structure.
Figure 2 illustrates the matrix equation. The matrix equation was then solved for the vector x
using a Singular VValue Decomposition (SVD). The first 13 elements of the solution vector
represent the shift of each of the 13 proton types in the absence of any aromatic ring current
shift (other than the effect of a given aromatic ring on its own protons). The final element of
the solution vector represents a scaling factor that multiplies the ring current contribution
calculated using the Haigh-Maillion theory and the intensity factors calculated by Case
(1995).

The utility of the new reference shifts and the scaled intensity factor in doing ring-current
shift calculations of new structures was established by calculating the chemical shifts of
protons in a set of PDB structures with assigned chemical shifts. For this test we used a set
of PDB models used previously (Frank et al. 2013). For each PDB model, the rms deviation
of the calculated shift with the assigned values from the corresponding BMRB file was
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determined. We used the structures as obtained directly from the PDB, without any
additional refinement. Calculated shifts were done in four ways: using the average value for
the proton from the BMRB database, using ring-current shifts as described in Case (1995)
[but using our own software implementation, not the original Shifts program (Xu and Case
2001)], using the ring-current shifts with the above calibration, and using our SVR
prediction.

Results and discussion

Referencing

Generation of useful shift prediction models from database-derived shifts requires properly
referenced and assigned data. Deposited shifts from both protein and nucleic acids are
however subject to errors of referencing and errors in assignment. A variety of methods for
checking protein chemical shift assignments have been developed, including LACS (Wang
et al. 2005), RefDB (Zhang et al. 2003) and PANAYV (Wang et al. 2010). In our previous
work on RNA shift prediction we used similar procedures to that used in RefDB and that
work by performing two cycles of prediction. The average error for each BMRB entry after
the first cycle is used as a correction before starting the second prediction cycle. An
alternative protocol for correcting referencing errors in RNA spectra based on the expected
shifts of five specific atoms has also been described (Aeschbacher et al. 2012). In the current
study we used a combination of the two methods. As the two-cycle prediction-correction
technique basically works by forming a consensus reference and then correcting datasets
relative to that it’s useful to ensure that obvious errors are minimized before the first cycle.
So on datasets that are amenable to the procedure we used the procedure of (Aeschbacher et
al. 2012) prior to the first prediction cycle. Because not every data set has necessary atoms
for 5-atom correction procedure, it is important to also do the two-cycle correction.

Figure 3 shows an example of three different BMRB entries with different referencing
situations. The plots are the deviation between predicted and measured shifts and are done
without any reference correction. BMRB entry 5705 can be seen to have an average error
near 0.0 demonstrating that the data set is well referenced and that shifts can be well
predicted with our protocol. BMRB entry 18,975 has an average error near 2.7 ppm, a value
consistent with a common error of referencing where the reference is set to tetramethylsilane
(TMS) rather than 2,2-dimethylsilapentane-5-sulfonic acid (DSS) (Aeschbacher et al. 2012).
BMRB entry 5932 has the property that the chemical shifts for the carbons of the aromatic
bases are correctly referenced, but the sugar carbons are offset by an amount suggesting that
the datasets used to acquire them were incorrectly referenced to tetramethylsilane (TMS).
Errors such as that found in entry 5932 led us to calculate the reference correction for
aromatic base carbons and sugar carbons separately. If the two corrections were similar they
were averaged, otherwise the two sets of carbon shifts were corrected separately.

Outlier analysis

Analysis of the data shows that outliers, values where the error in prediction is significantly
larger than was typical, were present. These outliers could be due to unusual chemical
environments where our prediction model doesn’t work well, or could be due simple errors
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and mis-assignments in the original datasets. Some errors were quite obvious and were
manually eliminated. For example, BMRB entry 19,018 has a variety of shifts set to
precisely 0.0. We assumed that these were errors and eliminated them. Other errors show
particular patterns. For example, Fig. 4 shows a plot of the predicted versus measured values
for the C2’ and C3’ atoms from reference corrected, but untrimmed analyses. The plot shows
groups of shifts for C2” atoms that are at the expected values for the C3’ atoms, and shifts for
C3’ atoms at the expected values of C2” atoms. This pattern of shifts located symmetrically
across the diagonal are consistent with, but not definitive proof of, what would happen if the
assignments for these two atoms were interchanged. We did not attempt to correct for
possible interchange of the C2’ and C3’ shifts, but the effect of this would be minimized by
our overall protocol of automatically trimming out shifts that were more the 3 times the
average rms error for each atom type.

The protocol used for removing outliers undoubtedly removes some data values that are
correct and thereby minimizes the range of chemical shift environments that are successfully
predicted by the algorithm. However, the limited number of available chemical shift datasets
for RNA available from the BMRB means that some attribute combinations are represented
by a very small number of examples. Indeed for many attribute combinations only zero or
one data value is available. Given this fact it is almost impossible to automatically and
correctly distinguish between outliers that are due to poorly predicted valid data rather than
invalid data values. We included the trimming protocol as we expect that retaining errant
values could corrupt the prediction model that results from the training process. The total
number of shifts removed in our protocol is, however, relatively small. Approximately 2 %
of shifts were removed in our analysis. By comparison, the “reduced” dataset used in
(Cromsigt et al. 2001) removed 25 % of the shifts. We expect that as additional datasets are
deposited more examples of unusual attribute environments will be available and the
number of valid data values eliminated as outliers will be reduced. We provide a full list of
trimmed data values in Table S1 of the supplementary information.

Data retrieval and template generation

Our previous work relied on manual download and analysis of data files. This required an
amount of time and effort that are a barrier to regular updates of the training database.
However, the relatively small number of RNA entries in the BMRB makes it important to
keep adding new entries to our training database to ensure broad coverage of possible RNA
sequences and secondary structures. Automation of the data retrieval and template
generation has allowed us to develop a routine protocol (Fig. 1) for regularly updating the
database. In the first update since our previous work we’ve significantly increased the
number of BMRB entries. The current automated protocol relies on having available PDB
files and so not all entries could be analyzed automatically with the current protocol. We
should note that while PDB files are used for determining features such as the secondary
structure, we are not making direct use of 3D coordinates in the prediction model.

Of the 254 BMRB entries automatically downloaded, twenty-one were missing PDB IDs,
eleven were not compatible with the DSSR program, and two had invalid PDB entries.
Additional entries were automatically dropped from the analysis, when, for example, the
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software couldn’t make an exact match of the sequence in the BMRB entry with that in the
PDB file. The final analysis used a total of 187 files, a significant increase from the 126 used
in our original analysis. The list of BMRB entries that were considered and the status of
each is shown in Supplementary Table S2. Replacing the analysis done by an experienced
person with the automated routines could result in errors in the analysis. Before proceeding
with the use of the full database, we compared the analysis done with the automatically
generated template with that resulting from the original manual analysis. To do this, we
performed the chemical shift modeling calculations on the original manual template versus
the automatically generated template for only the original 126 BMRB entries. In this way,
any differences in the calculations would only be based on the differences of the analysis
and template creation and not on any extra BMRB entries.

Training the prediction model using our new scripts and the new SVR regression fitting, but
with the manual attribute template from our previous publication (Barton et al. 2013) yields
similar results to that obtained previously. We previously reported the analysis of 3758
hydrogen shifts in A-form helical regions with an overall rms deviation of 0.056 ppm. Our
new procedure, but with the same template, used 4066 shifts and resulted in an overall rms
deviation of 0.052 ppm. The new protocol uses a somewhat greater number of shifts in part
because of new attribute categorization code and the details of the computerized
identification of attributes.

Table 1 compares the manual and automated analysis for both hydrogen and carbon nuclei
in more detail. The analysis with the manual template used a total of 11,953 hydrogen nuclei
and 5559 carbon nuclei, while the automated template used 12,354 and 5559 respectively. In
calculating the overall rms predictions we did the calculation separately for atoms in
canonical and non-canonical helical regions, other regions, and for all atoms together (see
Table 1 footnotes for definitions of the categories). The training and validation protocol was
run using the manual and automated templates. The cross validated rms (xrms) was
calculated during the prediction analysis and done without dividing into the three categories.
The error in prediction as measured by the rms deviation between measured and calculated
shifts was essentially the same when using the automatically generated template in
comparison to that using the completely manual template. For the hydrogen nuclei analyzed
with the manual template, the rms for the canonical, non-canonical, other and all atoms were
0.05, 0.06, 0.09, and 0.08 ppm, respectively. Using the automated template for hydrogen
nuclei resulted in the same values (within 0.01 ppm) indicating that our automated template
generation generates comparable results to the manual analysis. Comparison of the carbon
nuclei also showed good agreement between manual and automated templates. Using the
manual template the rms values for the canonical, non-canonical, other and all-atoms were
0.41,0.42, 0.79 and 0.68, respectively. Analysis with the automated template agreed within
0.02 ppm. The cross-validated rms for the analysis of hydrogen nuclei was 0.12 ppm with
either the manual or automated template. The cross-validated rms for carbon is of course
higher than that for hydrogen, but the manual and automated templates were both 0.80 ppm.
The above results confirm that our largely automated attribute analysis procedure is
producing results similar to that obtained by tedious manual analysis.
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Increase in shifts and attributes

Using the automated analysis and the expanded list of BMRB entries greatly increased the
total number of shifts in the database (Table 1). The new automated downloading and
analysis protocol results in a database with 58 % more hydrogen nuclei and 74 % more
carbon nuclei. Increasing the size of the database was accomplished without significant
increase in prediction error. The cross-validated rms for all hydrogen shifts was increased by
only 0.01 ppm to a value of 0.13 ppm, and carbon prediction rms was increased by only 0.03
ppm to 0.83 ppm.

The SVR models resulting from training on the chemical shift database yields prediction
values even if the exact set of attributes is not present in the training database, but it is of
course expected that prediction quality will be better if there are examples in the database.
Accordingly it is relevant to determine the increase of unique attributes relative to our
previous publication. The numbers of unique attributes for the manual, automated, and
automated-plus were 1750, 1671, and 2389, respectively. We expect that fewer attribute
combinations are available in the automated process in comparison to the manual analysis,
on the original list of BMRB entries, because the automated analysis does not yet take into
account some attributes that can be identified with careful manual analysis. Increasing the
database size, however, significantly increased the number of unique attributes because of
the greater variety of RNA molecules included. And the good results described above
indicate that we have an appropriate set of attributes.

Nucleotide base environments

In our previous publication we restricted the analysis to only residues that were within A-
form helical regions. This was done, in part, because we expected that the linear analysis of
chemical shifts used was less able to model more varied conformations, and because of the
difficulty in manually analyzing all regions. In the current study we expanded this to include
all regions of RNA secondary structure as defined using dot-bracket notation. As indicated
in Table 1 this dramatically increases the total number of shifts that can be used for training
and prediction. Approximately two-thirds of the hydrogen (12,851 of 18,774) and carbon
(6486 of 9642) shifts are in regions labeled other. Predictions in these regions are not as
good, as measured by the rms prediction error, as those in unperturbed helical regions, but
are still in a range (0.11 ppm for hydrogen and 0.88 ppm for carbon) that should be very
useful for aiding in the assignment of RNA spectra. Plots of the predicted versus measured
values for hydrogen and carbon for the full dataset list are shown in Fig. 5. This figure
shows the data for the canonical, non-canonical and other shifts (see Table 1 for category
descriptions) plotted separately. Some shifts in the canonical hydrogen plot (Fig. 5a) appear
to be outliers that might be expected to have been trimmed in the outlier procedure. That
procedure trims shifts whose prediction errors are 3 times the rmsd. Since the rmsd is
calculated from the analysis of all shifts some shifts that might otherwise be trimmed are
retained. Further refinements of our code could be done to calculate the rmsd for trimming
for individual categories.

The actual SVR regressions are done on each atom type separately and the number of shifts
and cross-validated RMS are shown for each atom in Table 2. Most hydrogen atoms are
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predicted with an rms error near the mean value of 0.13. The largest prediction error (0.20
ppm) was found for the H2 proton of adenine. Prediction errors for most carbon atoms were
similar to the mean value of 0.83, but the values for the C3’ carbons appeared noticeably
higher with an average value of 1.29 ppm (Table 3).

Ring current shift calibration

Chemical shifts are ultimately determined not by the somewhat abstract set of attributes we
use in this analysis, but by specific physicochemical interactions. In RNA the apparent
currents induced in aromatic rings largely dominate these effects. Empirical calibration of
the magnitudes of the ring-current shifts and other contributions to RNA chemical shifts has
been hampered by the lack of high quality structural data. Calibration of similar mechanisms
in protein chemical shifts has generally been done by using NMR derived chemical shifts
combined with structural information calculated not from the NMR structures, but rather
from structures derived from X-ray crystallography. The great difficulty of obtaining
appropriate crystals of RNA has meant that there is not a large set of X-ray structures with
NMR chemical shifts available for performing the calibration.

One method of calibrating the ring-current shifts has relied on quantum-mechanical
calculations of the effect of aromatic rings on a proton positioned in various orientations
relative to the ring. These calculations form the basis of the Shifts program (Xu and Case
2001). One of the possible issues in translating these calibrations from the idealized
simulation environment to predicting shifts in actual RNA molecules is the fact that RNA
molecules can be highly dynamic (Bothe et al. 2011). Ring current effects are then likely to
be averaged over a variety of conformations.

As an alternate approach to calibration we’ve used a high-resolution X-ray structure of RNA
as the source of structural information, and chemical shifts predicted using the methodology
of this paper. By doing this we can take advantage of the multiple available assigned shift
sets that are used in training our model. The chemical shift was calculated as an intrinsic
chemical shift plus a contribution from the nearby aromatic rings. The ring-current
contribution was modeled as a value calculated using the individual ring current factors for
each ring type as calculated by Case (1995), but with the contribution scaled by an
adjustable factor. The output of the linear least squares analysis of the data is a new set of
intrinsic shifts for each proton, and a single overall scaling parameter. The best fit was
obtained with a scaling factor of 0.53. This analysis is strictly empirical, but the scaling
factor less than 1.0 suggests that the magnitude of the ring current effect is overestimated in
the quantum mechanical calculations of model systems relative to that observed in
dynamical RNA structures in solution. Our analysis was set up to also allow the contribution
of individual ring types to be calculated. The rms deviation of predicted from measured
shifts for the analysis done using a single adjustable scale factor with the target factors from
Case (1995), and that using adjustable values for each ring type were both 0.10 ppm. The
lack of an improvement in fit indicates that there is no statistical justification in using the
additional parameters and so we only use the scaled Case parameters. Obtaining calibrations
for individual ring factors would likely require using additional structural models.
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Evaluation of chemical shift predictions ought to be done relative to an appropriate baseline,
which we consider to be simple prediction based on the average chemical shift for a given
atom and nucleotide type. Predictive models that are based on secondary or tertiary
structures should result in a significant improvement. We’ve compared various models by
predicting the shifts of a set of BMRB entries with corresponding PDB models that were
previously used (Frank et al. 2013).

Figure 6 shows predictions on these 16 different PDB models. Predictions were done using
the simple average shift from the BMRB data, the ring current shift model as implemented
in NMRViewJ using both the original parameters from Case and our re-calibrated intrinsic
shifts and scaling factor, and the values predicted using the secondary structure based SVR
model. The average RMS for each prediction type is also indicated. Simple prediction with
BMRB averages gives an overall RMS of 0.27 ppm. With this set of structures, and our
implementation of the ring-current shift model, no improvement in prediction quality is
obtained with the original Case parameters. The rms we determined (0.33 ppm) is similar to
that (0.35 ppm) reported by (Frank et al. 2013) using the SHIFTS (Dejaegere et al. 1999)
program itself suggesting that our implementation of the model is valid. We obtain a
significant improvement in the prediction quality using our ring-current calculation code,
but with the empirical recalibration of the parameters (rms = 0.22 ppm). A somewhat
surprising result is that the secondary structure based prediction using our current SVR gives
a significant improvement in prediction quality (rms = 0.13 ppm) relative to the 3D structure
based ring current calculation. This is likely in part due to the fact that NMR 3D structures
of RNA are not always of high quality in part because their calculation depends significantly
on force field parameters (Tolbert et al. 2010) and there is a virtually complete lack of X-ray
structures with corresponding NMR chemical shift sets. Additionally dynamics are not
included in the 3D shift predictions and may significantly affect the average shifts.

Recently, two new algorithms for 3D shift prediction were described. The first is a “black
box” approach based on a large number of descriptors used in a random forest training
algorithm (Frank et al. 2013). The second algorithm is based on simple calculation based on
inter-atomic distances in a 3D structure and is therefore easier to implement within
molecular dynamics simulations to aid in structure refinement (Frank et al. 2014). Prediction
quality was described in this paper (Frank et al. 2014) in terms of the mean absolute error
(mae), rather than the rms deviation and was shown to be better, as analyzed on all bases in
a set of PDB files not used in the training, than that using either the SHIFTS (Dejaegere et
al. 1999) or NUCHEMICS (Cromsigt et al. 2001) programs that are based on ring current
shifts. The lack of a squared term in the mae (as compared to rms) gives less weight to
values with large deviations. Using the mae minimizes the effect of outliers caused by
errors, but may deemphasize prediction quality in non-helical regions where prediction may
be more difficult. Our recalibrated ring-current model, on the set of PDB structures reported
here, gives a similar prediction error (mae = 0.17) compared to that previously reported
(Frank et al. 2014) (mae = 0.15) indicating that even without using 3D structural information
we can obtain good prediction quality.
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Conclusions

The present study shows that high quality predictions can be made for both proton and
carbon chemical shifts in RNA molecules using information that is primarily derived from
the nucleotide sequence and secondary structure. In particular, we did not train our
predictive models based on coordinates from 3D models, in part because RNA structure
determination relies heavily on force field parameters used during refinement, and many of
the deposited RNA structures have helical properties that deviate significantly from
expected values (Tolbert et al. 2010). Prediction models calibrated in this way can be used
early in the NMR analysis process to aid in the assignment of new sequences. We’ve
implemented the prediction tool within NMRViewJ (Johnson and Blevins 1994) where it
can be used both to aid in the manual assignment of RNA molecules and to validate
assignments. High quality predictions will also be useful in automated tools that are under
development in our own and other labs (Aeschbacher et al. 2013; Krahenbuhl et al. 2014;
Sripakdeevong et al. 2014; van der Werf et al. 2013).

The relatively small number of chemical shift depositions for RNA molecules makes it
important to continue training the prediction model as new data becomes available. The
implementation of the automated procedure described here makes the protocol very simple
and should facilitate this ongoing process. Comparison with our previous manual procedure
indicates that the automated protocol gives excellent results. Expansion of the training
dataset has significantly increased the number of training attributes in the database and
should thereby improve the prediction quality on novel sequences. We expect that further
improvements in our analysis scripts will allow a higher percentage of available BMRB
NMR-STAR files to be used automatically.

Observation of outliers and referencing errors, even in relatively recent depositions indicate
that more attention can be paid to ensuring the quality of deposited data. Incorporation of the
prediction tool within NMRViewJ should facilitate the validation of chemical shift
assignments.

The prediction model here is based on qualitative descriptions of the nucleotide sequence
and base pairing, and yet quantitative physicochemical effects such as ring-current shifts that
depend on 3D structure and dynamics ultimately determine chemical shifts. A fundamental
problem in using structure based shift models is the need to calibrate the models using very
high quality 3D structures. Calibration of structure-based chemical shift models for proteins
is commonly done with shifts derived from NMR analysis, but with the structures derived
from X-ray crystallography (Shen and Bax 2010). Unfortunately there are very few X-ray
structures of RNA with corresponding chemical shift sets so this approach is not yet
feasible. Our recalibration of ring-current shifts using an X-ray structure combined with our
secondary-structure based model shifts shows that 3D based predictions can be improved.
Even with this improvement our secondary structure based models predict the shifts with
higher accuracy. This suggests that the quality of 3D based RNA structure predictions could
be significantly improved with an increased availability of better structural models.

J Biomol NMR. Author manuscript; available in PMC 2016 September 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Brown et al. Page 14

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

This research was supported by Grants from the National Institute of General Medical Sciences of the National
Institutes of Health (NIGMS, R01 GM42561 to MFS and P50 GM 103297 to BAJ), and JDB was supported by a
NIGMS Grant for maximizing student diversity, NIGMS R25 GM 055036.

References

Aeschbacher T, Schubert M, Allain FHT. A procedure to validate and correct the 13C chemical shift
calibration of RNA datasets. J Biomol NMR. 2012; 52:179-190. [PubMed: 22252483]
Aeschbacher T, et al. Automated and assisted RNA resonance assignment using NMR chemical shift
statistics. Nucleic Acids Res. 2013; 41:€172.10.1093/nar/gkt665 [PubMed: 23921634]
Altona C, Faber DH, Westra Hoekzema AJA. Double-helical DNA 1H chemical shifts: an accurate
and balanced predictive scheme. Magn Reson Chem. 2000; 38:95-107.
Bartel D. MicroRNAs: genomics, biogenesis, mechanism, and function. Cell. 2004; 116:281-297.
[PubMed: 14744438]
Barton S, Heng X, Johnson B, Summers M. Database proton NMR chemical shifts for RNA signal
assignment and validation. J Biomol NMR. 2013; 55:33-46.10.1007/s10858-012-9683-9 [PubMed:
23180050]
Bessonov S, Anokhina M, Will C, Urlaub H, Luhrmann R. Isolation of an active step | spliceosome
and composition of its RNP core. Nature. 2008; 452:846-850.10.1038/nature06842 [PubMed:
18322460]
Bishop, CM. Information science and statistics. Springer; New York: 2006. Pattern recognition and
machine learning.
Boisvert F, van Koningsbruggen S, Navascues J, Lamond A. The multifunctional nucleolus. Nat Rev
Mol Cell Biol. 2007; 8:574-585.10.1038/nrm2184 [PubMed: 17519961]
Bothe J, Nikolova E, Eichhorn C, Chugh J, Hansen A, Al-Hashimi H. Characterizing RNA dynamics
at atomic resolution using solution-state NMR spectroscopy. Nat Methods. 2011; 8:919-
931.10.1038/nmeth.1735 [PubMed: 22036746]
Brodersen P, Voinnet O. The diversity of RNA silencing pathways in plants. Trends Genet. 2006;
22:268-280.10.1016/j.tig.2006.03.003 [PubMed: 16567016]

Case D. Calibration of ring-current effects in proteins and nucleic acids. J Biomol NMR. 1995; 6:341-
346. [PubMed: 8563464]

Chang C-C, Lin C-J. LIBSVM: a library for support vector machines. ACM Trans Intell Syst Technol
(TIST). 2011; 2:27.

Cromsigt JA, Hilbers CW, Wijmenga SS. Prediction of proton chemical shifts in RNA. Their use in
structure refinement and validation. J Biomol NMR. 2001; 21:11-29. [PubMed: 11693565]

Dejaegere, A.; Bryce, RA.; Case, DA. An empirical analysis of proton chemical shifts in nucleic acids.
In: Facelli, J.; deDios, AC., editors. Modelling NMR chemical shifts: gaining insight into structure
and environment ACS symposium series. American Chemical Society; Washington: 1999. p.
194-206.

Doudna J, Rath V. Structure and function of the eukaryotic ribosome: the next frontier. Cell. 2002;
109:153-156. [PubMed: 12007402]

Edwards T, Klein D, Ferre-D’Amare A. Riboswitches: small-molecule recognition by gene regulatory
RNAs. Curr Opin Struct Biol. 2007; 17:273-279.10.1016/j.shi.2007.05.004 [PubMed: 17574837]

Fares C, Amata I, Carlomagno T. 13C-detection in RNA bases: revealing structure-chemical shift
relationships. J Am Chem Soc. 2007; 129:15814-15823.10.1021/ja0727417 [PubMed: 18052161]

J Biomol NMR. Author manuscript; available in PMC 2016 September 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Brown et al.

Page 15

Fonville JM, et al. Chemical shifts in nucleic acids studied by density functional theory calculations
and comparison with experiment. Chemistry. 2012; 18:12372-12387.10.1002/chem.201103593
[PubMed: 22899588]

Frank AT, Bae SH, Stelzer AC. Prediction of RNA 1H and 13C chemical shifts: a structure based
approach. J Phys Chem B. 2013; 117:13497-13506.10.1021/jp407254m [PubMed: 24033307]

Frank A, Law S, Brooks C. A simple and fast approach for predicting 1H and 13C chemical shifts:
toward chemical shift-guided simulations of RNA. J Phys Chem. 2014; 118:12168-12175.

Haigh, C.; Mallion, R. Progress in NMR spectroscopy. Vol. 13. Pergamon; New York: 1980. p.
303-344.

Hamada M. RNA secondary structure prediction from multi-aligned sequences. Methods Mol Biol.
2015; 1269:17-38.10.1007/978-1-4939-2291-8_2 [PubMed: 25577370]

Hassouna N, Michot B, Bachellerie J. The complete nucleotide sequence of mouse 28S rRNA gene.
Implications for the process of size increase of the large subunit rRNA in higher eukaryotes.
Nucleic Acids Res. 1984; 12:3563-3583. [PubMed: 6328426]

Johnson BA, Blevins RA. NMRView: a computer program for the visualization and analysis of NMR
data. J Biomol NMR. 1994; 4:603-614. [PubMed: 22911360]

Kim V. Small RNAs: classification, biogenesis, and function. Mol Cells. 2005; 19:1-15. [PubMed:
15750334]

Korostelev A, Noller H. The ribosome in focus: new structures bring new insights. Trends Biochem
Sci. 2007; 32:434-441.10.1016/j.tibs.2007.08.002 [PubMed: 17764954]

Krahenbuhl B, Lukavsky P, Wider G. Strategy for automated NMR resonance assignment of RNA:
application to 48-nucleotide K10. J Biomol NMR. 2014; 59:231-240.10.1007/s10858-014-9841-3
[PubMed: 24899400]

Kwok CK, Lam SL. NMR proton chemical shift prediction of T-T mismatches in B-DNA duplexes. J
Magn Reson. 2013; 234:184-189.10.1016/j.jmr.2013.06.022 [PubMed: 23892104]

Lam SL. DSHIFT: a web server for predicting DNA chemical shifts. Nucleic Acids Res. 2007;
35:W713-W717.10.1093/nar/gkm320 [PubMed: 17517771]

Lam SL, Lai KF, Chi LM. Proton chemical shift prediction of A-A mismatches in B-DNA duplexes. J
Magn Reson. 2007; 187:105-111.10.1016/j.jmr.2007.04.005 [PubMed: 17475525]

Lu X, Olson W. 3DNA: a versatile, integrated software system for the analysis, rebuilding and
visualization of three-dimensional nucleic-acid structures. Nat Protoc. 2008; 3:1213-
1227.10.1038/nprot.2008.104 [PubMed: 18600227]

Lu X, Olson W, Bussemaker H. The RNA backbone plays a crucial role in mediating the intrinsic
stability of the GpU dinucleotide platform and the GpUpA/GpA miniduplex. Nucleic Acids Res.
2010; 38:4868-4876.10.1093/nar/gkq155 [PubMed: 20223772]

Ng KS, Lam SL. NMR proton chemical shift prediction of C-C mismatches in B-DNA. J Magn Reson.
2015; 252:87-93.10.1016/j.jmr.2015.01.005 [PubMed: 25681800]

Ponting C, Oliver P, Reik W. Evolution and functions of long noncoding RNAs. Cell. 2009; 136:629—
641.10.1016/j.cell.2009.02.006 [PubMed: 19239885]

Sahakyan AB, Vendruscolo M. Analysis of the contributions of ring current and electric field effects to
the chemical shifts of RNA bases. J Phys Chem B. 2013; 117:1989-1998.10.1021/jp3057306
[PubMed: 23398371]

Shen Y, Bax A. SPARTA+: a modest improvement in empirical NMR chemical shift prediction by
means of an artificial neural network. J Biomol NMR. 2010; 48:13-22.10.1007/
$10858-010-9433-9 [PubMed: 20628786]

Sripakdeevong P, et al. Structure determination of noncanonical RNA motifs guided by (1)H NMR
chemical shifts. Nat Methods. 2014; 11:413-416.10.1038/nmeth.2876 [PubMed: 24584194]
Steitz T. A structural understanding of the dynamic ribosome machine. Nat Rev Mol Cell Biol. 2008;

9:242-253.10.1038/nrm2352 [PubMed: 18292779]

Tolbert B, et al. Major groove width variations in RNA structures determined by NMR and impact of
13C residual chemical shift anisotropy and 1H-13C residual dipolar coupling on refinement. J
Biomol NMR. 2010; 47:205-219.10.1007/s10858-010-9424-x [PubMed: 20549304]

J Biomol NMR. Author manuscript; available in PMC 2016 September 01.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Brown et al.

Page 16

Ulrich E, et al. BioMagResBank. Nucleic Acids Res. 2008; 36:D402-D408.10.1093/nar/gkm957
[PubMed: 17984079]

van der Werf RM, Tessari M, Wijmenga SS. Nucleic acid helix structure determination from NMR
proton chemical shifts. J Biomol NMR. 2013; 56:95-112.10.1007/s10858-013-9725-y [PubMed:
23564038]

Wakeman CA, Winkler WC, Dann CE Il1. Structural features of metabolite-sensing riboswitches.
Trends Biochem Sci. 2007; 32:415-424.10.1016/j.tibs.2007.08.005 [PubMed: 17764952]

Wang, Y.; Witten, IH. Modeling for optimal probability prediction. Proceedings of the nineteenth
international conference on machine learning; 2002; San Mateo: Morgan Kaufmann; 2002. p.
650-657.

Wang L, Eghbalnia H, Bahrami A, Markley J. Linear analysis of carbon-13 chemical shift differences
and its application to the detection and correction of errors in referencing and spin system
identifications. J Biomol NMR. 2005; 32:13-22.10.1007/s10858-005-1717-0 [PubMed:
16041479]

Wang B, Wang Y, Wishart D. A probabilistic approach for validating protein NMR chemical shift
assignments. J Biomol NMR. 2010; 47:85-99.10.1007/s10858-010-9407-y [PubMed: 20446018]

Witten, IH.; Frank, E.; Hall, MA. Data mining: practical machine learning tools and techniques. 3.
Morgan Kaufmann; San Mateo: 2011. The Morgan Kaufmann Series in Data Management
Systems

Withrich, K. World Scientific series in 20th century chemistry. Vol. 5. World Scientific; Singapore,
River Edge: 1995. NMR in structural biology: a collection of papers by Kurt Withrich.

Xu X, Case D. Automated prediction of 15N, 13Calpha, 13Cbeta and 13C’ chemical shifts in proteins
using a density functional database. J Biomol NMR. 2001; 21:321-333. [PubMed: 11824752]

Zhang H, Neal S, Wishart D. RefDB: a database of uniformly referenced protein chemical shifts. J
Biomol NMR. 2003; 25:173-195. [PubMed: 12652131]

J Biomol NMR. Author manuscript; available in PMC 2016 September 01.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Brown et al.

Page 17

I BMRB H Star File I » Chemical Shift Data i—
Protein
v SNAP Interactions
N y Structural Data

Template
Secondary Structure
DSSR Multiplets

Pseudoknots
R e e R R e e B P P =y
1 :
! I SVR H Trim Outliers H SVR H Offset Correction |<—| SVR H Trim Outliers H SVR |:
Save SVR Models
Fig. 1.

Flow chart for the automated data retrieval and analysis process. Steps enclosed in the
shaded box represent the automated protocol used for fetching data and attribute generation.
Steps within the dashed box are involved in modeling the data. The SVR boxes encompass
using the SVR algorithm to train a model, predict shifts and calculate rms errors. Output at
the last step includes saving the results of the tenfold cross validation
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Base Atom GH8 CH5 CH6 GH1' CH1' H2' H3' Factor Weights Shift
G C:101.H3' 0 0 0 0 0 0 1 -0.01 7.87 4.64
G C:101.H2' 0 0 0 0 0 1 0 0.01 5.84 4.72
G C:101.H1' 0 0 0 1 0 0 0 0.139 802 _ 571
G C:101.H8 il 0 0 0 0 0 0 o0 X 537 ~— 8.05
C C:102.H3' 0 0 0 0 0 0 1 -0.01 5.45 4.61
C C:102.H2' 0 0 0 0 0 il 0 0.008 4.54 4.54
C C:102.H1' 0 0 0 0 1 0 0 0.038 4.59 5.55
C C:102.H5 0 1 0 0 0 0 0 -0.16 0.56 5.33
C C:102.H6 0 0 1 0 0 0 0 -0.11 7.91
Fig. 2.

A representation of the math matrices used for calibrating ring-current shift parameters. The
first and last shaded regions represent the matrix A and vector b that are input into the
Singular VValue Decomposition (SVD) algorithm to solve the equation Ax = b for the vector
X (representing the contribution of each term). The actual matrix A used has additional rows
for the remaining atoms in the structure, and additional columns for additional atom types
(for the A and U residues), and the vector b has additional rows (for the additional atoms).
The final column, labeled Factor, represents the sum of product of the geometric factors and
ring current intensity parameter (Case 1995) calculated for all aromatic rings near the
corresponding atom. All the other columns of the matrix are set to 0, except the column that
represents the atom type for that row
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Plots of the deviation between measured and predicted values (Spred — Smeas) for three
different BMRB entries. The plots are from calculations done without using our offset
correction and trimming protocols, so represent fits to the raw chemical shift data. Data is
taken from prediction runs using all BMRB entries, not just those illustrated. a BMRB entry
5705, b BMRB entry 18,975, c BMRB entry 5932. The dashed line corresponds to the
common error of 2.7 ppm (Aeschbacher et al. 2012)
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Fig. 4.

Plots of predicted versus measured values for the C3’ and C2’ atoms. Data is taken from the
output of a prediction run done with the offset correction protocol, but without any trimming
of outliers
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Fig. 5.

Plots of predicted versus measured values for the complete set of atoms obtained with the
automated procedure described here. a, ¢ and e are hydrogen shifts, and b, d and f are
carbon shifts. aand b are canonical shifts in helices, ¢ and d are non-canonical shifts in
helices, and e and f are other shifts (see Table 1)
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Plot of the root mean squared (rms) prediction error for proton chemical shifts for 16
different RNA molecules. Structures were taken from the indicated PDB entries. Four
different methods were used to calculate predicted values. The values for bars labeled
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BMRB are from setting the prediction value to the mean shift of the corresponding atom
type as taken from data at the BMRB (Ulrich et al. 2008). RC are from a ring current shift
calculation within NMRViewJ (Johnson and Blevins 1994) using parameters from (Case
1995), RC-Cal are also a ring current calculation within NMRViewJ, but with the calibrated
ring-current parameters described here, and SVR prediction are from the output of the SVR

calculation described here
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