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Abstract NMR chemical shifts provide important local

structural information for proteins and are key in recently

described protein structure generation protocols. We describe

a new chemical shift prediction program, SPARTA?, which

is based on artificial neural networking. The neural network is

trained on a large carefully pruned database, containing 580

proteins for which high-resolution X-ray structures and nearly

complete backbone and 13Cb chemical shifts are available.

The neural network is trained to establish quantitative rela-

tions between chemical shifts and protein structures, including

backbone and side-chain conformation, H-bonding, electric

fields and ring-current effects. The trained neural network

yields rapid chemical shift prediction for backbone and 13Cb

atoms, with standard deviations of 2.45, 1.09, 0.94, 1.14, 0.25

and 0.49 ppm for d15N, d13C’, d13Ca, d13Cb, d1Ha and d1HN,

respectively, between the SPARTA? predicted and experi-

mental shifts for a set of eleven validation proteins. These

results represent a modest but consistent improvement

(2–10%) over the best programs available to date, and appear

to be approaching the limit at which empirical approaches can

predict chemical shifts.

Keywords Electric field � Hydrogen bonding �
Torsion angles � SHIFTX � Structure database � Camshift �
SPARTA

Introduction

NMR chemical shifts have long been recognized as

important sources of protein structural information (Saito

1986; Spera and Bax 1991; Wishart et al. 1991; Iwadate

et al. 1999; Wishart and Case 2001). During protein

structure calculations, chemical shift derived backbone //w
torsion angles (Luginbühl et al. 1995; Cornilescu et al.

1999; Shen et al. 2009) are often used as empirical

restraints, complementing the more traditional restraints

derived from NOEs, J couplings and RDCs. More recently,

several approaches for generating protein structures have

been developed which rely on backbone chemical shifts as

the only source of experimental input information (Cavalli

et al. 2007; Shen et al. 2008; Wishart et al. 2008). The

success of these methods hinges on the accuracy at which

chemical shifts can be related to protein structure.

Although chemical shifts can be computed for known

structures by de novo computational methods (de Dios

et al. 1993; Xu and Case 2001; Vila et al. 2008; Vila et al.

2009), database-derived empirically optimized methods

yield lower root-mean-square (rms) differences between

observed and predicted values. Recent programs of this

latter class include ShiftX (Neal et al. 2003), SPARTA

(Shen and Bax 2007), and Camshift (Kohlhoff et al. 2009),

and these are the chemical shift prediction methods used in

chemical shift based structure prediction efforts.

The ShiftX program actually derives predicted 1H, 13C,

and 15N chemical shifts from atomic coordinates using a

hybrid approach which employs a pre-calculated, database-

derived chemical shift hypersurface in combination with

classical or semi-classical equations for ring current,

electric field, hydrogen bonding and solvent effects.

SPARTA is an empirical method which searches a data-

base of assigned proteins of known structure for triplets of
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residues that most closely match structural and sequence

characteristics of any triplet of residues in the query pro-

tein. Camshift is a recently introduced program which

predicts chemical shifts using an empirically derived

complex polynomial function to correlate interatomic dis-

tances with chemical shifts. A neural network based

method, known as PROSHIFT (Meiler 2003), also makes

good chemical shift predictions, albeit at an accuracy

slightly below those of the more recent programs.

In this work we introduce the program SPARTA?, also

based on the artificial neural network protocol, to predict

chemical shifts for backbone and 13Cb atoms in proteins.

Compared to PROSHIFT, SPARTA? uses an approxi-

mately two-fold larger protein database, recently developed

for the program TALOS?, which establishes the inverse

correlation, i.e., predicts backbone torsion angles from

experimental chemical shifts (Shen et al. 2009). As

described below, the input parameters for the neural net-

work training procedure differ from those of PROSHIFT,

and are more similar to those used by the program

SPARTA, hence the naming of the new program.

SPARTA? employs a well-trained neural network

algorithm to make rapid chemical shift prediction on the

basis of known structure. Validation on proteins not

included in the training set shows modestly improved

agreement between the experimental chemical shifts and

the SPARTA? predicted chemical shifts, over chemical

shifts predicted by the original SPARTA, Camshift, and

ShiftX methods.

Methods

Preparation of the NMR database

This work utilizes the protein structure and chemical shift

database, originally used to develop the TALOS program

(Cornilescu et al. 1999), and subsequently expanded to 200

proteins for the SPARTA and TALOS? programs (Shen

and Bax 2007; Shen et al. 2009), and most recently

expanded further to 580 proteins for developing an

empirical relation between chemical shifts and the cis or

trans conformation of Xxx-Pro peptide bonds by the pro-

gram Promega (Shen and Bax 2010). Nearly complete

backbone NMR chemical shifts (d15N, d13C’, d13Ca, d13Cb,

d1Ha and d1HN) for these proteins are taken from the

BMRB (Doreleijers et al. 1999; Doreleijers et al. 2005),

with atomic coordinates taken from the corresponding

high-resolution X-ray structures in the PDB (Berman et al.

2000). Residues containing two or less assigned chemical

shifts were removed from the database. To minimize the

influence of chemical shift outliers, chemical shift values

that deviate by more than five standard deviations from the

SPARTA-predicted values were also removed from the

database. Details regarding the preparation of the database,

including calibration of reference frequencies, correction of
2H isotope effects on d13Ca and d13Cb, identification of

H-bonds, etc., have been described previously (Shen and

Bax 2007; Shen et al. 2009).

Neural network architecture and training

A single-level feed-forward multilayer artificial neural

network (ANN) is used in this work to identify the

dependence of 15N, 13C’, 13Ca, 13Cb, 1Ha and 1HN chemical

shifts on the local structural and dynamic information as

well as amino acid type, and those of its immediate

neighbors.

This single-level neural network has an architecture very

similar to that of the first level neural network used by

TALOS? (Shen et al. 2009). The input signals to the first

layer consist of tri-peptide structural parameter sets derived

from the above described protein structural database. For

predicting the chemical shifts of any given residue by

SPARTA?, the structural input parameters include: (1) the

backbone and side-chain torsion angles of this residue and its

two immediate neighbors, (2) information on interactions

such as H-bonding, ring-current effects, and electric field

effects, and (3) predicted backbone flexibility (Fig. 1a;

Table 1, column ‘‘Full’’). Specifically, each tripeptide is

represented by up to 113 nodes, which include for each

residue the twenty amino acid type similarity scores, ten

numbers representing //w/v1/v2 torsion angles of each tri-

peptide (the / value of the first and w value of the last residue

of the tripeptides are not used), three numbers for the

structure-derived predicted N–H order parameter S2 (Zhang

and Brüschweiler 2002) of each residue, and twenty numbers

representing the H-bonding pattern for the tripeptide

(Fig. 1b). As was done for the TALOS? program, amino

acid type similarity scores are taken from the 20 9 20

BLOSUM62 matrix, commonly used for calculating

sequence alignment (see http://www.ncbi.nlm.nih.gov/

books/bv.fcgi?rid=sef.figgrp.194). Considering the peri-

odic nature of the torsion angles, each of the //w/v1/v2

torsion angles is represented by its sine and cosine values,

thereby avoiding problems associated with the numerical

discontinuities that exist when defining torsion angles in

the -180� to ?180� range (Meiler 2003). For each of the

side-chain v1/v2 torsion angles, an additional Boolean

number [1 or 0] is used to indicate whether a v1 or v2

torsion angle is defined for any given residue. For

example, [sin(v), cos(v), 1] denotes a valid v1 or v2 torsion

angle; [0, 0, 0] is used for residues lacking v1 or v2 torsion

angles (v2,1 torsion angles are used for v2 of Thr, Val and

Ile). The H-bonding input information of each tripeptide is

limited to the HN/Ha/O backbone atoms of the center

14 J Biomol NMR (2010) 48:13–22

123

http://www.ncbi.nlm.nih.gov/books/bv.fcgi?rid=sef.figgrp.194
http://www.ncbi.nlm.nih.gov/books/bv.fcgi?rid=sef.figgrp.194


residue, the carbonyl O atom of the first residue, and the

HN atom of the last residue. The H-bond information of

each atom is denoted by three geometric parameters

(Morozov et al. 2004), representing the distance between

the donor hydrogen and the acceptor atom (H…A, dHA),

the cosine value of the angle at the acceptor atom

(B–A…H, U), and the angle at the donor hydrogen

(A…H–D, W), plus one additional Boolean number [1 or

0] to indicate whether the atom is H-bonded. So, four

numbers [dHA,cos(U),cos(W),1] are used for each of the

potentially H-bonded backbone atoms, and [0,0,0,0] rep-

resents the absence of a H-bond.

In the hidden layer of the network, where each node

receives the weighted sum of the input layer nodes as a

signal, 30 such nodes (or hidden neurons) are used. The

output of a hidden layer node is obtained through a nodal

transformation function (Fig. 1b).

For the purpose of predicting the NMR chemical shifts

from protein structural parameters, the secondary chemical

shift DdX (X = 15N, 13C’, 13Ca, 13Cb, 1Ha or 1HN) of the

center residue of each tri-peptide in the database is used as

the target of the first level network, after subtracting the

contributions from ring-current effects (dXring) and electric

fields effects (dXEF), i.e.,

DdX ¼ dX � dXrc � dXring � dXEF ð1Þ

where dXrc is the random coil chemical shift of nucleus X,

dXEF is calculated for 1Ha and 1HN nuclei only, using the

Buckingham method (Buckingham 1960) and atom

selection criteria analogous to those of the ShiftX

program (Neal et al. 2003), dXring is calculated for all six

types nuclei using the Haigh-Mallion model (Haigh and

Mallion 1979; Case 1995), in the same way as used by the

SPARTA program (Shen and Bax 2007). Note that

chemical shift corrections from the neighboring residues,

as used by the TALOS, SPARTA, and TALOS? methods,

are not included here when calculating the secondary

chemical shifts, DdX, because the neural network optimally

accounts for those effects after training of the network on

the database. Each output value has one node with a linear

activation function (f2(x) = x; Eq. 2). The empirical

relationship between the NMR secondary chemical shift

and the protein structural and sequence data, received by

the network (Fig. 1b), is given by

Dd1�1 ¼ f2 f1 X1�113�W
ð1Þ
113�30þ b

ð1Þ
1�30

� �
�W

ð2Þ
30�1þ b

ð2Þ
1�1

� �

ð2Þ

with f1(x) = (1 - e-2x)/(1 ? e-2x), and f2(x) = x. X19113

is the input data vector consisting of 113 elements; W(1)

and b(1) are the weight matrix and bias, respectively, for the

connection between the nodes in the input and the hidden

layer; W(2) and b(2)are the weight matrix and bias, for the

connection between the nodes in the hidden and output

layer; Dd191 is the training target or the output vector.

Neural network training

The weight and bias terms were determined by training the

artificial neural network on the 580-protein structural data-

base with associated chemical shifts, described above. To

prevent over-training, a three-fold training and validation

procedure was employed for the neural network model by

dividing the input–output training dataset into three separate

subsets, followed by separate training of the corresponding

neural networks. For each of these three network optimiza-

tions, one-third of the database was excluded from the

training but then used to evaluate the training performance of

the neural network on the other two input–output subsets

during the training. This subset, referred as the validation

dataset, was not used to calculate the weight changes in this

network. Training of the network was terminated when the

Fig. 1 a Illustration of a protein tripeptide chain together with factors

that impact the backbone NMR chemical shifts, considered by the

SPARTA? program. Factors used for prediction of the chemical

shifts of the center residue 15N, 13C’, 13Ca, 13Cb, 1Ha and 1HN (shaded

in grey) include the backbone //w and side-chain v1/v2 torsion angles

(colored orange), hydrogen bonding (red), electric fields (green), and

ring-current effects (aqua), as well as backbone flexibility (blue).

b Flow chart of the artificial neural network used in this work to study

the relation between the protein structural and dynamic parameters

(input layer) and NMR chemical shift (output layer)
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performance of the network on the validation dataset, rep-

resented by the mean squared errors between the predicted

values and targets, began to degrade. This procedure was

repeated three times, each time with a different one-third of

the database proteins assigned to the validation set.

Neural network testing and validation

In addition to the above threefold training and validation, a

second validation procedure was performed for a set of

eleven additional proteins, with also nearly complete

chemical shifts, a good quality reference structure, and no

homologous protein (C30% sequence identity) in the 580-

protein database. This set of eleven proteins was identified

after the original 580-protein database had been assembled

and used for training of the ANN.

The final predicted NMR chemical shifts are obtained

from:

dX ¼ DdXpred þ dXrc þ dXring þ dXEF ð3Þ

where DdXpred is the ANN-predicted secondary chemical

shift (Eq. 2) using the weights and biases obtained from the

above training steps, after averaging over the outputs from

the three separately trained networks.

Estimated errors for the predicted NMR chemical shifts

The original SPARTA program estimates the chemical

shift prediction errors on the basis of an empirical

Table 1 Statistics of influence of various factors on SPARTA? chemical shift prediction

SPARTA SPARTA?a

Full Test I Test II Test III Test IV Test V

Training inputb

Residue type d d d d d d d

//w/v1/v2 d/d/d/9 d/d/d/d d/d/d/d d/d/d/d d/d/d/d d/d/d/9 d/d/9/9

H-bond 9 d d d 9 9 9

S2 9 d d 9 9 9 9

Training target d-drc
c

-dneighbor d 9 9 9 9 9 9

-dring d d d d d d d

-dEF 9 d 9 9 9 9 9

Output Ddpred ? drc
d

?dneighbor d 9 9 9 9 9 9

?dring d d d d d d d

?dEF 9 d 9 9 9 9 9

?DHB d 9 9 9 9 9 9

RMSD(dpred, dobs)e [ppm]

d15N 2.56 (2.56) 2.45 (2.48) 2.46 (2.48) 2.47 (2.49) 2.52 (2.52) 2.50 (2.51) 2.62 (2.64)

d1Ha 0.29 (0.27) 0.25 (0.25) 0.27 (0.25) 0.27 (0.25) 0.29 (0.29) 0.29 (0.29) 0.29 (0.29)

d13C’ 1.14 (1.13) 1.09 (1.11) 1.09 (1.11) 1.09 (1.11) 1.13 (1.14) 1.13 (1.14) 1.16 (1.16)

d13Ca 1.04 (1.01) 0.94 (0.98) 0.94 (0.98) 0.97 (0.99) 0.99 (1.00) 1.02 (1.03) 1.02 (1.05)

d13Cb 1.16 (1.06) 1.14 (1.11) 1.14 (1.11) 1.14 (1.11) 1.14 (1.11) 1.15 (1.12) 1.16 (1.14)

d1HN 0.54 (0.51) 0.49 (0.47) 0.50 (0.48) 0.50 (0.48) 0.58 (0.54) 0.58 (0.54) 0.58 (0.54)

a See text (‘‘Results and discussion’’) for the description of each testing neural network
b Structural and dynamic factors used as inputs for the database search (SPARTA) or neural network (SPARTA?) training procedure. All factors

are for all three residues of a given tripeptide (see Fig. 1a). Parameters included and omitted in each input set are marked d and 9, respectively
c NMR (secondary) chemical shifts used as the targets (outputs) of the database search (SPARTA) or neural network (SPARTA?) training

procedure. The (secondary) NMR chemical shifts were obtained from the difference between the chemical shift d and the random coil chemical

shift drc, after subtracting the corrections from neighboring residues (dneighbor), the contributions from ring current effects (dring), or electric fields

(dEF)
d Offsets and corrections, in addition to the random coil chemical shift drc, applied to SPARTA or SPARTA? predicted secondary chemical

shift (Ddpred), i.e., the final SPARTA/SPARTA? predicted chemical shifts
e RMS deviation between the predicted and experimental (obs) chemical shifts for eleven proteins which are not present in the

SPARTA? training database. For SPARTA?, the prediction performances for the validation datasets (see ‘‘Methods’’) in the training database

are provided in parentheses. For the SPARTA predictions, performances listed between brackets are those obtained for the 580-protein training

database, but with the protein predicted excluded from this database
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correlation between this error and the spread in chemical

shifts among the 20 best matched tripeptides (Shen and

Bax 2007). In the present study, an estimate for the

chemical shift prediction error, r, can be obtained by using

an empirical Dd(/,w) error surface (Spera and Bax 1991),

which is calculated by:

Dð/;wÞ

¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
P

dð/k;wkÞ
pred � dð/k;wkÞ

obs
� �2

exp �ð/�/kÞ2þðw�wkÞ2
450

� �

P
exp �ð/�/kÞ2þðw�wkÞ2

450

� �

vuuuut

ð4Þ

where the prediction errors between ANN-predicted

d(/k,wk)
pred and experimental d(/k,wk)

obs chemical shifts

are convoluted with a Gaussian function and then summed

over all residues (k) of the validation subsets in the training

database, followed by normalization.

The SPARTA? chemical shift prediction, accomplished

by the above described ANN procedure, is carried out by a

program largely written in C??, which is ten times faster

than the original SPARTA method. On a PC with a single

2.4 GHz CPU, the SPARTA? chemical shift prediction

takes ca 2 s for a 100-residue protein, the majority of

which is actually attributed to loading of the error surfaces.

Results and discussion

Neural network chemical shift prediction

For each type of nucleus (15N, 13C’, 13Ca, 13Cb, 1Ha and
1HN), three artificial neural networks were trained sepa-

rately to predict the chemical shift, using a three-fold

training and validation procedure. The trained weights and

biases obtained for each network are then used to calculate

the chemical shifts for each of a protein’s backbone and
13Cb atoms (except for the N- and C-terminal residues),

using Eqs. 2 and 3. The low rms difference between the

predicted and observed NMR chemical shifts, evaluated

over the validation datasets (Table 1), indicates that the

networks are well-trained.

To further inspect the chemical shift prediction perfor-

mance of the trained neural networks, eleven additional

proteins were used which were not present in any of the

training or validation sets. The chemical shifts predicted

for these eleven proteins were obtained by averaging the

outputs of the three separately trained neural networks,

obtained from the above described threefold training pro-

cedure. The predicted chemical shifts show good agree-

ment with the experimental chemical shifts, with standard

deviations of 2.45, 1.09, 0.94, 1.14, 0.25, and 0.49 ppm for

d15N, d13C’, d13Ca, d13Cb, d1Ha and d1HN, respectively,

including outliers. The rmsd’s for d15N, d13C’ and d13Ca in

this set of eleven proteins are slightly lower than those for

the validation datasets used during the network training

(Table 1), most likely the result of the threefold averaging

procedure used for this set, which is not applicable for the

validation sets (see below). The performance of alternate

chemical shift prediction programs was also evaluated on

this set of eleven proteins, including SPARTA (Shen and

Bax 2007) and webserver versions of ShiftX (Neal et al.

2003), CamShift (Kohlhoff et al. 2009), and PROSHIFT

(Meiler 2003).

Comparison of the predicted with experimental chemi-

cal shifts (Fig. 2a; Table S1) indicates that SPARTA?

slightly outperforms SPARTA, with rmsd values that are ca

10–15% lower for d13Ca, d1HN and d1Ha, 5% for d15N and

d13C’, with the smallest improvement (2%) for d13Cb.

SPARTA? outperforms the ShiftX and Camshift programs

by slightly larger margins (ca 10–20%) for all six nuclei

(Fig. 2a), and the alternate ANN-based PROSHIFT pro-

gram by somewhat larger margins (Table S1). Interest-

ingly, the fractional improvement in chemical shift

prediction accuracy is largest for 13Ca, often used as the

most significant indicator of protein secondary structure.

Although with Pearson’s correlation coefficients in the

0.7–0.8 range the prediction errors of SPARTA and

SPARTA? are correlated (data not shown), there clearly is

considerable scatter. Averaging the predictions made by

the original SPARTA program with those of SPARTA?,

using weight factors of 0.3 and 0.7, respectively, yields a

slight further improvement in prediction accuracy for 15N,
13C’, and 13Cb (Fig. 2a; Table S1).

Impact of structural parameters on prediction accuracy

The SPARTA program uses the //w/v1 torsion angles and

residue type information of a query tripeptide to predict the

chemical shifts for the atoms of its center residue, followed by

applying corrections for the ring-current shift and H-bonding

(H-bond distance only). Compared with SPARTA, the

SPARTA? procedure considers more H-bond geometric

factors for the H-bonded atoms, as well as additional side-

chain v2 torsion angle information, electric field effects,

and structure-based prediction of backbone flexibility (see

‘‘Methods’’; Table 1).

In order to investigate the impact of the different

structural factors on the prediction accuracy of SPARTA?,

multiple neural networks with different input of the protein

structural/dynamic parameters and output of the (second-

ary) chemical shifts are evaluated. The network trained

with the full set of the listed input parameters (see

‘‘Methods’’) is named ‘‘Full’’ (Table 1). Five additional

testing networks are implemented too and referred to as

‘‘Test I’’ (lacking the electric field effect contribution

J Biomol NMR (2010) 48:13–22 17
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relative to ‘‘Full’’), ‘‘Test II’’ (additionally lacking the

predicted backbone order parameter), ‘‘Test III’’ (addi-

tionally lacking H-bonding information), ‘‘Test IV’’

(additionally lacking v2 torsion angles), and finally ‘‘Test

V’’ (additionally lacking v1 torsion angles). All five testing

networks have 30 and 1 neurons in their hidden and output

layers, respectively; the number of input neurons are 113,

110, 90, 81 and 72, respectively (Table 1; see ‘‘Methods’’

for details on the number of neurons/nodes used for each

individual structural/dynamic parameter). All testing net-

works are trained in the same threefold training and vali-

dation procedure, and using the same training database, as

used for the network ‘‘Full’’. The accuracy of the chemical

shift predictions performed by the trained testing networks

is used to evaluate the importance of the various parame-

ters for chemical shift prediction (Fig. 2b).

When only the residue type, backbone //w and side-

chain v1 torsion angles, and ring-current effects are con-

sidered (network ‘‘Test IV’’), the ANN remains capable of

capturing the relation between NMR chemical shifts and

protein structure reasonably well for all six types of nuclei

(Table 1). Compared with the original SPARTA method,

the overall prediction accuracy for the validation datasets is

1–2% worse for 13C’ and 13Ca predictions, 5–7% worse for
13Cb, 1Ha and 1HN, and about 2% better for the 15N

(Table 1). Considering that the H-bond correction applied

by SPARTA after its initial database search contributes a

ca 5% improvement to its chemical shift prediction per-

formance for 1Ha and 1HN, the accuracy of the chemical

shifts predicted by the Test IV network actually is quite

close to that of the database search component of the ori-

ginal SPARTA method, with the exception of the ca 5%

lower prediction accuracy for 13Cb. This result applies for

both the validation datasets in the training database and for

the eleven test proteins which are absent in the training

database (Table 1). Moreover, the threefold training and

validation procedure results in three networks that are

trained separately with ‘‘half-independent’’ training data-

sets, making the contribution to chemical shift prediction

errors from imperfect training data somewhat uncorrelated.

As a result, averaging the chemical shifts predicted by the

three separately trained networks then further improves the

accuracy of the predicted chemical shifts by 2–4% (Table

S2), making it slightly better than that of the SPARTA

predicted shifts (except for 1H predictions).

The effects of side-chain conformation on backbone

chemical shifts have been well recognized (de Dios et al.

1993; Wang and Jardetzky 2004; Villegas et al. 2007;

London et al. 2008; Mulder 2009). As indicated by the

results of the Test V network, which lacks v1 torsion angle

input information relative to network Test IV, the accuracy

of the predicted chemical shifts decreases by 5% for 15N

and by about 1–2% for the other nuclei. When additionally

considering the impact of the v2 torsion angle by com-

paring the difference in prediction accuracy of networks

Test III and Test IV, a small improvement (*3%) of the

d13Ca prediction is observed (Fig. 2b; Table 1), but with

the other nuclei virtually unaffected. Further inspection

indicates that the observed improvement in d13Ca predic-

tion is almost entirely accounted for by the aromatic amino

acids (Phe, His, Tyr and Trp) and Met (Fig. S2).

When H-bonding parameters are additionally included

as input parameters when training the network (Test II),

accuracy of the predicted chemical shifts further increases,

both for the validation datasets in the training database and

the set of eleven test proteins (Fig. 2b; Table 1). The

Fig. 2 Chemical shift prediction performance of various methods,

evaluated over a set of eleven proteins not included in the neural

network training database. The prediction performance (vertical axis)

for the 15N, 13C’, 13Ca, 13Cb, 1Ha and 1HN chemical shifts is

represented by the rms difference between the experimental and the

predicted chemical shifts. Colors of the bars indicate the program

used for predicting the chemical shifts, as marked in the panel. The

orange bar corresponds to the weighted average (70%/30%) of the

SPARTA? and SPARTA predicted chemical shifts. b Impact of

various structural and dynamic input parameters on SPARTA?

chemical shift predictions. Dark blue columns correspond to using the

full set of SPARTA? input parameters; the adjacent 5 bars

correspond to input parameters defined in Table 1. The most right

hand bar in each set corresponds to the original SPARTA prediction

method

18 J Biomol NMR (2010) 48:13–22
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improvement in prediction accuracy upon of inclusion of

H-bond input parameters is largest for proton chemical

shifts (10–13%), but an improvement of 1–3% is also seen

for 13C’, 15N, and 13Ca. A small further improvement

(2–3%) in chemical shift prediction accuracy of the net-

work is observed for 13Ca chemical shifts when the

predicted backbone flexibility, as represented by the

structure-predicted S2 order parameter of Zhang and

Brüschweiler (2002), is included with the input parameters

(network Test I). Finally, the accuracy of the network-

predicted 1Ha and 1HN chemical shifts is improved by

several percentage points, when the electric field contri-

bution to the 1Ha and 1HN chemical shifts is excluded prior

to the network training and added back later to the pre-

dicted chemical shifts (as present by the network Full).

Application of SPARTA? to CS-rosetta

Recently introduced procedures to generate protein struc-

tures using NMR chemical shifts as the only experimental

input data have been quite successful in generating good

quality models for small to medium-sized proteins (Cavalli

et al. 2007; Shen et al. 2008; Wishart et al. 2008). Here, we

evaluate the impact of improved chemical shift prediction

on the effectiveness of one such protocol, CS-Rosetta

(Shen et al. 2008).

CS-Rosetta utilizes NMR chemical shifts at two distinct

steps of its protocol: fragment selection, and selection of its

final models. The impact of improved chemical shift pre-

diction on these two stages will be discussed below.

CS-Rosetta relies on the existence of a large database of

protein structures from which fragments are selected to

function as building blocks for the query protein. Similarity

between the experimental chemical shifts of short segments

in the query protein and chemical shifts of fragments in the

protein database is used to guide the selection of the most

suitable fragments. As the procedure requires a large

database of high quality structures with known chemical

shifts, and the database of experimentally determined NMR

structures remains relatively small, CS-Rosetta utilizes a

much larger database of X-ray structures, to which chem-

ical shift values are added by prediction methods. A con-

siderable improvement was found when the program

SPARTA was used for adding chemical shifts to the pro-

tein database compared to predictions obtained using a less

advanced program, known as DC, even though the accu-

racy of chemical shift predictions by SPARTA is only

10–20% better than those obtained by DC (Shen et al.

2008).

Considering that SPARTA? offers a similar level of

improvement over SPARTA, a comparable improvement

in fragment quality might be expected when using the

database with more accurately predicted chemical shifts,

where fragment quality is measured by the backbone

coordinate rms difference between the query segment and

selected database fragments that most closely match the

experimental secondary chemical shifts. However, on

average, we find no improvement in fragment quality when

using the protein structural database to which chemical

shifts have been added by SPARTA? over the database

where these chemical shifts were added by SPARTA (data

not shown). A likely reason for the lack of improvement is

that the Rosetta structure generation procedure only utilizes

the backbone torsion angles (//w/x) from the selected

fragments, whereas the improved chemical shift prediction

above was shown to be dominated by sidechain and

hydrogen bonding contributions (Fig. 2b; Table 1).

The second stage where accuracy of the chemical shift

prediction plays a role during the CS-Rosetta protocol is

during selection of the final models, from the very large

ensemble of structures generated by its Monte Carlo pro-

cedure. Model selection is based on a combination of

lowest empirical energy, as scored by the classic Rosetta

program (Rohl et al. 2004), combined with a weighted

chemical shift error score, v2, that accounts for the agree-

ment between experimental chemical shifts and values

predicted for each model. These latter models are full atom

structures, including sidechains, H-bonds, etc., and

improved ability to predict the chemical shifts for such

structures is therefore expected to somewhat increase the

ability to distinguish between accurate and less accurate

models. We evaluate the impact of SPARTA? on model

selection for two proteins, DinI and Vc0424, neither of

which is included in the SPARTA? training database. For

both proteins, a standard CS-Rosetta procedure (Shen et al.

2008) is performed, using a SPARTA? assigned protein

structural database. For each protein, the 10,000 structures

generated by CS-Rosetta are then evaluated by calculating

the total v2 score between the experimental chemical shifts

and values predicted either by SPARTA? or by SPARTA.

For both proteins, models with the lowest total chemical

shift v2 value are closer to the experimental reference

structure (Fig. 3a, b, e, f) when using SPARTA? chemical

shifts. This small advantage remains when combining the

v2 value with the Rosetta empirical energy function in the

standard manner (Shen et al. 2008), again yielding slightly

lower backbone rms differences between the models with

the lowest total score and the corresponding reference

structures (Fig. 3c, d, g, h; Table S2).

Concluding remarks

By using the artificial neural network approach, including a

more complete consideration of various structural/dynamic

parameters in proteins, SPARTA? is able to predict

J Biomol NMR (2010) 48:13–22 19

123



chemical shifts for backbone and 13Cb atoms with modestly

improved accuracy, compared with other similar chemical

shift prediction approaches. The improvement of the

accuracy in the SPARTA? predicted chemical shifts is

mostly credited to the additional structural/dynamic fac-

tors, i.e., v2 torsion angle, H-bonding and electric fields, as

well as an averaging procedure over the outputs from three

separated neural networks. Of all predicted chemical shifts,

d13Ca appears to benefit most from incorporation of the

structure-predicted effect of backbone dynamics, used as

an input parameter by SPARTA?. Conceivably, further

improvements in this regard could be obtained by record-

ing very extended (*1 ls) molecular dynamics trajecto-

ries, and averaging predicted chemical shifts over such a

trajectory (Li and Brüschweiler 2010). However, from a

practical perspective, such a computationally demanding

approach is not yet practical.

Two interesting questions remain: Have we reached the

limit of how well empirical methods can predict chemical

shifts from known structure, and what is the reason for such a

limit? Indeed the finding that only small increments in pre-

diction accuracy are obtained when including additional

input parameters suggests that we are asymptotically

approaching the limit at which empirical approaches can

predict chemical shifts. One may wonder whether the

accuracy of the coordinates plays a role in prediction accu-

racy, for example. For the program ShiftX, a correlation

between the accuracy of the prediction and the quality of the

structure was reported (Neal et al. 2003). However, the

SPARTA? database uses far more stringent criteria for its

database, including a crystallographic resolution threshold

of 2.4 Å. Comparing the prediction accuracy for the 10

highest resolution structures (all B1 Å) with those of the

lowest resolution structures (all at *2.4 Å) also shows a

modest improvement for the higher resolution structure,

although the effect is much smaller than found for ShiftX

(Table S4). When evaluating proteins of even lower crys-

tallographic resolution, the SPARTA? accuracy further

deteriorates (Table S4). However, with structures solved at a

crystallographic resolution of 1 Å representing the most

favorable case, and prediction errors remaining rather large,

further progress by using a better reference database will not

substantially improve results any further.

At a crystallographic resolution of 1 Å, atom positions

are defined very well, and errors in backbone torsion angles

are small compared to the gradient of the chemical shift

surface with respect to these angles. However, two

important sources of potential error remain. First, many

sidechains are highly disordered in solution as judged, for

example, by NMR relaxation measurements (Palmer 1997;

Kay 1998; Yang et al. 1998; Lee and Wand 2001), an effect

not easily accounted for by an empirical approach such as

SPARTA?. Second, ab initio calculations indicate chem-

ical shifts to be extremely sensitive to relatively small

Fig. 3 CS-Rosetta model selection using either SPARTA? or

SPARTA chemical shift predictions. For proteins DinI (A-D; PDB

entry 1GHH (Ramirez et al. 2000)) and VC0424 (E–H; PDB entry

1NXI (Ramelot et al. 2003)), 10,000 structures each were generated

by a standard CS-Rosetta protocol, using a protein structural database

with chemical shifts added by SPARTA?. For each CS-Rosetta

model, the total v2 error function between the experimental chemical

shifts and values predicted by SPARTA? (a, e) or SPARTA (b, f) are

plotted against the Ca coordinate rmsd relative to the experimental

PDB structure. The re-scored Rosetta energy, calculated by adding

the scaled SPARTA? (c, g) or SPARTA (d, h) chemical shift v2

score to the raw Rosetta energy, is also plotted and used to select the

final models (Table S3)
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deviations from ideal geometry and small steric clashes.

Even at the highest level of resolution, the atomic coordinate

precision is usually insufficient to accurately account for

such distortions (Karplus 1996), and empirical character-

ization by an approach such as SPARTA? appears beyond

reach. Even if we were to add corrections for specific

geometry distortions to the SPARTA? values, predicted by

density functional theory (DFT) computations, this would

not be of immediate practical use, as the precise magnitude of

a local geometric distortion almost invariably remains sub-

ject to high experimental uncertainty.

Although the improvement of the chemical shifts pre-

diction performance is modest, chemical shift prediction by

SPARTA?, using Eq. 2 with its trained weights and biases,

is more than an order of magnitude faster than SPARTA.

Moreover, the neural network equation (Eq. 2) used by

SPARTA? is differentiable with respect to the torsion

angles, making it potentially possible to be used (on the fly)

by the protein structure calculation and refinement proce-

dures in combination with other, standard input restraints, in

a manner similar to that proposed for CamShift (Kohlhoff

et al. 2009).

Software availability

SPARTA? and detailed instructions on its use can be

downloaded from http://spin.niddk.nih.gov/bax/software/

SPARTA?. Source code is available upon request.
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Zhang FL, Brüschweiler R (2002) Contact model for the prediction of

NMR N–H order parameters in globular proteins. J Am Chem

Soc 124:12654–12655

22 J Biomol NMR (2010) 48:13–22

123


	SPARTA+: a modest improvement in empirical NMR chemical shift prediction by means of an artificial neural network
	Abstract
	Introduction
	Methods
	Preparation of the NMR database
	Neural network architecture and training
	Neural network training
	Neural network testing and validation
	Estimated errors for the predicted NMR chemical shifts

	Results and discussion
	Neural network chemical shift prediction
	Impact of structural parameters on prediction accuracy
	Application of SPARTA+ to CS-rosetta

	Concluding remarks
	Software availability
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


