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Abstract

Accurate protein side-chain conformation prediction is crucial for protein modeling and existing
methods for the task are widely used; however, faster and more accurate methods are still
required. Here we present a new machine learning approach to the problem where an energy
function for each rotamer in a structure is computed additively over pairs of contacting atoms. A
family of 156 neural networks indexed by amino acid and contacting atom types is used to
compute these rotamer energies as a function of atomic contact distances. Although direct energy
targets are not available for training, the neural networks can still be optimized by converting the
energies to probabilities and optimizing these probabilities using Markov Chain Monte Carlo
methods. The resulting predictor SIDEpro makes predictions by initially setting the rotamer
probabilities for each residue from a backbone dependent rotamer library, then iteratively updating
these probabilities using the trained neural networks. After convergences of the probabilities, the
side-chains are set to the highest probability rotamer. Finally, a post-processing clash reduction
step is applied to the models. SIDEpro represents a significant improvement in speed and a
modest, but statistically significant, improvement in accuracy when compared to the state-of-the-
art for rapid side-chain prediction method SCWRLA4 on the following datasets: (1) 379 protein test
set of SCWRLA4; (2) 94 proteins from CASP9; (3) a set of 7 large protein-only complexes; and (4)
a ribosome with and without the RNA. Using the SCWRLA4 test set, SIDEpro's accuracy (x;
86.14%, y142 74.15%) is slightly better than SCWRL4-FRM (y1 85.43%, y14, 73.47%) and it is
7.0 times faster. On the same test set SIDEpro is clearly more accurate than SCWRL4-RRM (y;
84.15%, y142 71.24%) and 2.4 times faster. Evaluation on the additional test sets yield similar
accuracy results with SIDEpro being slightly more accurate than SCWRL4-FRM and clearly more
accurate than SCWRL4-RRM; however, the gap in CPU time is much more significant when the
methods are applied to large protein complexes. SIDEpro is part of the SCRATCH suite of
predictors and available from: http://scratch.proteomics.ics.uci.edu/.

1 Introduction

Protein structure prediction is a fundamental problem in computational molecular biology
and predicting the side-chain conformations for a given fixed backbone is an important
subproblem [23]. Side-chain prediction methods are also critical for protein engineering,
protein design, protein-protein docking [13, 1]. In both protein structure prediction and
flexible protein-protein docking, the side-chain conformation predictions are relatively time
intensive, and can be the limiting factor in how much search space can be explored. Thus,
improvements in both speed and accuracy are highly desirable.

Correspondence to: Pierre Baldi, pf bal di @ cs. uci . edu.


http://scratch.proteomics.ics.uci.edu/

1duosnuey Joyiny vd-HIN 1duosnuey Joyiny vd-HIN

1duosnuepy Joyiny Yd-HIN

Nagata et al.

2 Methods

Page 2

As a result, several methods have been proposed to address the side-chain prediction
problem. SCWRL is one of the best methods and is widely used because it is generally fast
and accurate, in addition it is convenient to download and run locally [5, 16]. SCWRL finds
a combination of rotamers which minimizes an energy function based on rotamer
probabilities and physical/chemical energy terms [5, 16]. There are two types rotamer
libraries, backbone-independent and backbone-dependent. Backbone-independent rotamer
libraries contain information on side-chain dihedral angles and rotamer populations.
Backbone-dependent libraries contain the same information as a function of the backbone
dihedral angles ¢ and  [9, 10, 8, 7]. SCWRL, and most other successful prediction
methods, utilize the probabilities from backbone-dependent rotamer libraries [5, 16] and
some combination of physics-based energy terms based on electrotatics, hydrogen bonding,
solvation free energy [11, 18], van der Waals forces or at least simple steric energy. In
addition, many search methods have been applied to the side-chain prediction problem, such
as dead-end elimination [12], Monte Carlo [17, 23, 11, 18], cyclical search [25, 26], self-
consistent mean field optimization [15, 20], integer programming [14], and graph
decomposition [27, 16]. These methods rely on reducing the search space to pre-defined
discrete sets of conformers for each side-chain (rigid rotamers) in order to make rapid
predictions [1].

While physics-based energy functions have been applied with some success to the side-
chain prediction problem in combination with discretized rigid rotamer models, they are not
ideally suited for handling the coarseness of such models. In particular, repulsive physics-
based energy terms are quite sensitive to slight changes in atom-atom distances. As a result,
in the most accurate discretized models, some of the side-chains interactions inevitably have
much higher repulsive energies relative to the native structures. In contrast, knowledge-
based energy functions extracted from large training sets, which have been widely used in
the field of protein structure prediction (e.g. [24, 28]), can be more tolerant to discretization.
Furthermore, these knowledge-based energy functions can potentially capture subtle effects
not captured by the physics-based approximations, and they can be trained directly on the
most accurate discretized models.

Motivated by these issues, here we develop a new kind of knowledge-based energy function
which is designed specifically for the rigid rotamer search space, and incorporate it into a
novel side-chain prediction method, SIDEpro, which surpasses SCWRLA4 in speed and
accuracy. SIDEpro uses a family of artificial neural networks (ANNSs) that are trained to
compute an energy function based on atom-atom distances [2]. The structure models used to
train the ANNSs are modified versions of Protein Data Bank (PDB) structures [3], where each
side-chain is independently set to the most accurate rigid rotamer. SIDEpro makes
predictions by initially setting the probability of the rotamers for each residue using a
backbone dependent rotamer library [9, 10, 8, 7]. Then it iteratively updates these rotamer
probabilities using the ANNs energy until all the rotamer probabilities converge. Then, the
side-chains are set to the rotamer with highest probability. Finally, a post-processing clash
reduction procedure is applied to the models.

The remainder of the article is organized into sections covering the details of the SIDEpro
methods, the results obtained for SIDEpro and SCWRL4 using several different benchmark
datasets and metrics, and finally a short discussion section which summarizes the statistical
significance of the results.

Here we present the details of the SIDEpro method in the following subsections: (1) the
ANN architecture and energy function; (2) the training data and rotamer targets; (3) the full
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probabilistic model; (4) the Markov Chain Monte Carlo optimization procedure; (5) the fast
identification of atom contacts; (6) the elimination of rotamers with backbone clashes; (7)
the prediction of rotamers; (8) the clash reduction procedure; and (9) the incorporation of
fixed external atoms into the prediction method. A pseudocode outline of the prediction
steps is also presented in Algorithm 1.

2.1 ANN Architecture and Energy Function

At its core, SIDEpro utilizes a family of neural networks to compute an energy function.
This is a computational energy function and is not necessarily meant to represent a physical
quantity. Each neural network is specialized to compute a particular term of the total energy
associated with a particular amino acid and the distance between a particular pair of atom
types. Thus, for instance, there is a neural network for Cysteine specialized for Sulphur-
Carbon distances. While we did experiment with various ANN architectures, here we report
the results obtained by using a simple three layer perceptron ANN architecture, for each
member of the family (Figure 1). Each ANN receives a single external input, corresponding
to a distance d between a pair of atoms of the given type, and produces a single output
corresponding to the “energy” of the pair. The hidden layers typically have 15-20 units. The
family comprises 156 different ANNs (Table 1), indexed by three variables corresponding
to: (1) the amino acid type; (2) the atom type of the first atom in the pair, restricted to side
chain atoms (no backbone atoms); and (3) the atom type of the second atom in the pair,
including backbone atoms. The set of atom types is {N,C,0,S,H}. When the distance
between two atoms is large enough they are not considered to be interacting in our model,
thus we set the energy to zero when the distance, d, is greater than 7 A. Thus the output e of
a single network can be expressed as (Figure 1):

H
: wapo(wad+wip)+wsy, d<7
e=f(d:w)= E] ahT (Wopd+wip)+w3)

0, otherwise (1)

where
w : ANN weights
o : logistic sigmoid function (o(x) = 1/(1 + ™))
H : number of hidden states (15-20)

Note that a sigmoid function is not applied to the output layer because the output is not
restricted to [0,1].

By adding the contributions of each neural network applied to each pair of interacting atoms

it is possible to compute the total energy of each rotamer, or the total energy of a protein. In
particular, the energy of rotamer j for amino acid i is calculated as follows:

N, L N
Ei=) " > > fut, WX = Xirnll; W)

k=11=1,1#in=1 )

where

Ej; : training energy for rotamer j at residue i
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N; : the number of atoms of residue i

L : the length of the amino acid sequence

Xij : coordinate of k-th atom of rotamer j of residue i
a; : amino acid type of residue i

b : atom type of k-th atom of residue i

Jaipixby, () : energy term computed by the ANN associated with the amino acid type of
residue i, the atom type of the k-th atom of residue i, and the atom type of the n-th atom
of residue /

r; : rotamer target associated with residue i (see next section)

Here and in the rest of the paper we use bold-face fonts to denote vectors and contrast them
with scalar variables.

A fundamental observation is that we do not have direct energy values that can be used to
train the neural networks. However, we can derive rotamer targets from structures in the
PDB [3]. As we shall see the energies computed by the ANNs can be converted into
probabilities, and the ANNS can then be trained to maximize the probability of the target
rotamers of the true structures. This optimization cannot be carried analytically but is
implemented here using a Markov Chain Monte Carlo methods, essentially a variant of
simulated annealing.

2.2 Training Data and Rotamer Targets

SIDEpro uses the publicly available backbone dependent rotamer library used by SCWRL3
[91[10][8]1[71[5] which was calculated from a set of 850 protein chains. The PISCES server
was used to curate a diverse set of proteins to train the SIDEpro ANNs with the maximum
mutual sequence identity set to 30%, maximum resolution of < 1.8 A, and a maximum R-
factor of 20%. 2,661 proteins resulted from this search and 300 were randomly selected.
Next, the 48 proteins with at least 25% sequence identity with one or protein in the
SCWRLA4 dataset were removed from the training set leaving 252 proteins for training.

Rather than using the raw PDB coordinates of these proteins, we set each side chain to the
best matching rotamer in the corresponding rotamer library. Specifically, consider an amino
acid i in a protein with R; rotamers in the corresponding library. The library comes with a
prior distribution PijJ = 1,..., R;. For each one of these rotamers, there is a vector of up to

four angles XﬁU{ﬁ- ), k=1,..., 4, with four corresponding normal distributions with known

k=4 o !
mean and standard deviations [7], so that: P(xijlui, U'rj):l_[k:] POl o). Thus for a

given amino acid 7 in a training protein in the PDB with observed angles X;.D DB we can use

Bayes theorem to compute a posterior probability for each rotamer in the corresponding
family in the form:

P(XE)DBMI,;)PU

PDE _
Prijl; )= PGP "

Thus we assign a rotamer r; to this amino acid by maximizing the posterior:
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ri=argmaxpP( Xf")BLug. Tij)Pij
i 4

where X}p DB is the vector of y angles calculated from residue i in the native structure and Dij
is the probability of the j-th rotamer in the library for residue i.

2.3 Full Probabilistic Model

We can now proceed to use the energy computed by the ANNSs to derive a full probabilistic
model. The posterior probability of the training rotamer at residue i is the combination of the
energy calculated by equation (2) when the weights of neural network w are given, with the
rotamer library probability and is defined by:

. (._KE:':' ir;
P(i“,‘h(-): ;:P - ,)P :
Lj':lexp(—f( Ei)pij ®)

where R; is the number of rotamers for residue i and K is a constant (K = 0.1). We make the
following standard independence approximation

P(riw)=] | (ribw) ©

This equation can be treated as a likelihood function with the posterior distribution of w
given the data r provided by Bayes theorem:

P(wlr)= 1—[ P(f‘al;'()r;f’(u-)

Here P(w) is [ the weights w of the ANNs and P(r) is a normalizing constant that does not
depend on w and can be ignored during the optimization process. Each ANN has its own
prior distribution, which is modeled using a set of four independent zero-mean normal
distributions in the form:

4
oy (15 2
P(wl|a)= I_I i ﬁepo?Zw;j_)
=1 1 J

(G)]

where a is a vector of hyper parameters, and each component a; controls the distribution of
the corresponding weights [22, 19].

To complete the description of the full hierarchical probabilistic model, the positive
hyperparameters o; can be assumed to be independent and follow a Gamma distribution
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4
_1exp(—a;/6)
() ] [fr, 75"“!’\') o

i=1

parameterized by k and 6. After some experimentation, we fix the value of these parameters
tok=2and 6=0.5.

2.4 Markov Chain Monte Carlo Optimization

To optimize the ANN weights, we use a Markov Chain Monte Carlo method [22],
essentially a form of simulated annealing described, for instance, in [21]. More precisely, the
idea is to use Gibbs sampling to sample from the posterior of o, and Metropolis sampling to
sample from the distribution of w. By assuming r and o are independent, the posterior of w
for a single ANN can be written as:

P(w,r, @) P(rlw, @)P(wla)P(a) P(rlw)P(wla)
P(r.a) ~ P(r)P(a) - PO (10)

Pw|r, @)=

so that:

4
Plwlr, ) o [l_[ 1|'| ]exp[ Z% M U+Z:|0Q P(riw)

i=1 / (11

Note that the last sum of Equation 11 ranges over all the amino acids in the training proteins
where the corresponding ANN is used (e.g. for instance over all the cysteines in the set of
training proteins). Similarly, for a single hyperparameter ¢; associated with a specific ANN,
we have

P(ai, r,w)  Plriw, ap)P(wlap) P(a;)  P(riw)P(wla; ) P(a;)
P(r, w) - P(r, w) - P(r,w) (12)

P(ailr, w)=

so that:

: | "
Pla) <l exo [ [a—'gz@-
J.

=)
1 5
3 = 2
oc Gamma [!\.[9 +§Zh.}_] ]
- 4 (13)

Thus a Markov Chain Monte Carlo method is applied to get samples of the posterior
distribution P(w, alr) by iteratively using:

1. Gibbs sampling for a)
2. Metropolis sampling for w()

Training proceeds by amino acid type, using all the ANNs associated with that particular
amino acid type. For a given amino acid type and a given ANN, the learning algorithm
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alternates between Gibbs sampling and Metropolis sampling. Thus at the j-iteration, we first

get samples of aU*1) by
cr[Iﬁ]] ~ P(ml(rg'ﬂ. (r;ﬂ, 0,(45’, w) (14)
cr;ﬁ” ~ P(fr:lfr(]"“}, cr;j’. frf], w'y (15)
f’fsjm = P(O‘.’,lﬂﬂm (¢ f*[zjﬁln “'(4"‘:- ) (16)
™ ~ P(agla¥™", af*", agﬁn, W) an

Then we get a corresponding sample wi*1) by:

1. get candidate sample using

w* ~ Nw/, o) (with ¢2=0.1) (18)
2 ) [ Pw|r, @li* 1)
accept sample w* as wU+1) with probability ™" | 50| o0+1)" ' |, otherwise

WD) = ()

The process is repeated for 500 iterations and the best observed weight w* is saved and used
in prediction. The number of iterations was chosen empirically based on prediction accuracy
results obtained on the training set.

w*=argmax P(w'/|r, a)
wii) (19)

2.5 Fast Identification of Atom Contacts

In principle, the previous approach could require looking at all pairs of atoms in a protein in
order to compute the corresponding energy term. However, most pairs of atoms are
separated by a distance greater than the 7 A cutoff and therefore are considered as non-
interacting. Thus, in order to significantly reduce the calculation costs, and associated CPU
time, SIDEpro identifies the spatial neighbors of each residue and then ignores all non-
neighbors in the energy calculations. The corresponding pruning is implemented using
simple bounding boxes: if two bounding boxes do not intersect, then the corresponding pair
of atoms is separated by more than 7.0 A and can be ignored from the energy calculation.

Neighbors are defined by checking for overlap between boxes in 3D space which are
determined by subsets of residue atoms. For each residue 7, a box in 3D space is calculated
for the backbone atoms (3Dboxpgp(i)), the side-chain atoms allowing all rotamers
(3Dboxg(i)), and for each rotamer j (3Dboxg,(i, j)). Each box is defined as the space bound
by six planes. For 3Dboxpgpg(i) the planes are:
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x= min  Xj, — 3.5
kebackbone(i)

x= max X, +3.5
kebackbone(i)

y= min Xjg —3.5
kebackbone(i) :

y= max X +3.5
kebackbone(i) -
z= min X —3.5

kebackbone (i)

z= max Xj+3.5
kebackbonel(i) b

Page 8

(20)

(21)

(22)

(23)

(24)

(25)

The planes which determine 3Dboxg(i) are defined in the same manner, but the coordinates

of all rotamers are searched:

= min Xijk. — 3.5
Jjerotamers(i), keside—chain(i) '

= max X +3.5
JErotamers(i), keside—chain(i) N

y= min Xij —3.5
Jerotamers(i), keside—chain(i) F

y= max Xijk +3.5
Jerotamers(i), keside—chain(i)

= min Xiji. — 3.5
Jerotamers(i), keside~chain(i) -

7= max Xiji_+3.5

Jerotamers(i), keside—chain(i)
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The planes which determine 3Dboxg,(i, j) are defined in the same manner, but using the
side-chain atoms of a specific rotamer:

X= min X,"k —-35

keside—chain(i) (32)
x=  max Xy +3.5

keside—chain(i) v (33)
y= min X —3.5

keside—chain(i)y Y (34)
y= max X +3.5
" keside—chain(iy Y (35)
= min Xj;k_ —3.5

keside—chain(i)y = (36)
z= max X +3.5

keside—chain(i)y = - (37)

Once the boxes are calculated, neighbor sets are defined for the backbone, side-chain, and
each rotamer of each residue. The backbone neighbor set of residue i, Nbrgp(i), consists of
all residues [ such that 3Dboxgg(l) intersects 3Dboxg(7). The side-chain neighbor set,
Nbrg(i), consists of all residues [ such that 3Dboxg¢(I) intersects 3Dboxg(7). The rotamer
neighbor set, Nbrg,(i, j), consists of all rotamers [, m such that 3Dboxg,(!, m) intersects
3Dboxg(i, j). Note, however, that only the rotamers of residue-level neighbors need to be
checked. This is a simple version of the approach used in SCWRLA4 to construct bounding
boxes for checking for clashes [16], but it is used here efficiently to avoid calculating
distances for the vast majority of residue and atom pairs.

2.6 Elimination of Rotamers with Backbone Clashes

Once the residue neighbors are defined, the next step is to eliminate any rotamers which
clash with the protein backbone. We define a rotamer's backbone clashing energy as:

2 X=Xl
EVDW_ { (vdwix+vdwin = Xk = Xnall,  17EiE-<0.67
if 2 i
keside—chain(ileN br.ffﬂ (imebackbone(l) 0, Dthe rwise
(38)

where vdwj is the van der Waals radii of atom k of residue i. If E;YPW j > 1.0 the rotamer is
considered to be clashing with the backbone and it is excluded from the search. An
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exception is made if all of the rotamers are clashing according to this criteria, in which case
the least clashing rotamer (with lowest clashing energy) is used and all others are excluded.
This approach reduces the search space significantly: on the SCWRL4 dataset
approximately 20% of the rotamers are excluded from the search, resulting in a reduction of
approximately 10% in average CPU time.

2.7 Prediction of Rotamers

After the rotamers which result in backbone clashes are excluded, the next step is to
calculate the interaction energies between each rotamer of each residue and the entire
backbone (EBB) and the side-chains of the previously defined neighboring residues (ESC).
These interaction energies are calculated as:

B . . i
EFf= Y > fubwnn Ok — Xualliw®)

keside— dmfni_f}lEa'\i'hrmf (Dinebackbone(l) (39)

5O *
bfjlfm= Z Z ﬁ:;bl',-'.b_r”{||xt_-ﬂ\ = XimnllW™)

keside—chain(ineside—chain(l) (40)

where i and [ represent amino acids, and j and m represent rotamers in the corresponding
libraries. This decomposition is computationally efficient because the backbone is fixed and
thus the backbone contribution EBP is constant.

The probability estimates for each rotamer are initially set to the values from the rotamer
library. Then, the structure-dependent energy values, EBB and ESC, are combined with the
rotamer library probabilities to calculate the posterior probabilities for each rotamer. The

predicted energy of the individual rotamers ( Eﬁj-) and the corresponding probability
estimates (q;;) are the updated iteratively. Thus we first initialize the probability g;; using the
rotamer library default probabilities g;; = p;; and we then iterate the following two update
equations:

P_ BB SC
E=E;+ Z glmEz,

!,mE;\’Iaer (i) (41)

e.q)(—KEg)pg

i exp(—KER )pu (42)

qij

SIDEpro uses only 6 iterations of this procedure, which in general is sufficient for the values

Ti=argmaxg;;

to converge and yield a predicted rotamer for each residue i by setting: j

Algorithm 1 SIDEpro Pseudocode.
Calculate boxes: 3Dboxgg, 3Dboxgc, and 3Dboxg,,
Calculate neighbor sets: Nbrgg, Nbrgc and Nbrg,,

/Iset g;; to be p;; and remove clashing rotamers
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for all residue i do
for all rotamers at residue j do
q9i=Pij
E, (i, j) = calculate equation (38)
if E,4,(i, j) > 1.0 then
remove rotamer j
end if
end for
end for
/[calculate Epg
for all residue i do
for all rotamers j at residue i do
Epg(i, j) = calculate equation (39)
end for
end for
/[calculate Egc
for all residue i do
for all rotamers j at residue i do
for all [, m € Nbrg,(i, j) do
Esc(i, j, I, m) = calculate equation (40)
end for
end for
end for
// update energies and probabilities until » converges
while any g;; does not converge do
for all residue i do
/lupdate energy of rotamers at residue i
for all rotamers j at residue i do
e;; = calculate equation (41)
end for
/lapdate probability of rotamers at residue i
for all rotamers j at residue i do
q;j = calculate equation (42)
end for
end for
end while
for all residue i do
T;=argmaxg;;
)
end for
where
g;j : updated probability of rotamer j at residue i
pjj : initial probability of rotamer j at residue i (from library)

r : current set of rotamers i
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7;: predicted rotamer for residue i

2.8 Clash Reduction Procedure

The initial model produced by SIDEpro uses the means of the rotamer angles, thus it can be
considered to be a rigid rotamer model. When a rigid rotamer model is used, some clashes
are almost always observed in a compact protein model. In fact, the structures used for
training contain some clashes because the rotamers were set to the mean of the closest
rotamer in the library instead of using the raw coordinates. Since the SIDEpro energy
function is a computational energy function learnt from data that contains some clashes, the
initial model produced by SIDEpro may contain a certain number of steric clashes. To
resolve these clashes we use a post-processing method which incorporates some flexibility
into the rotamers.

The clashes are minimized using the following protocol. First, each residue is checked for
clashes and for those with one or more clashing atoms, the y angles are updated to the mean
(u) £ the standard deviation (¢) multiplied by m (initially set to 0.5), then the distances
between atoms are recalculated and the number of clashes are recounted. Next, the y angles
are set such that the number of clashes is minimized among the combination of u + ¢. This
operation is repeated until the clash counts converge. When the clash counts converge, the
value of m is increased to 1.0 and the process is repeated. When the clash counts converge,
the value of m is again increased to 1.5 and the process is repeated for the final time. This
method reduces the number of clashes without a noticeable effect on accuracy.

2.9 Incorporation of Fixed External Atoms into the Prediction Method

3 Results

SIDEpro can optionally incorporate fixed atoms from external molecules (other proteins,
RNA, DNA, ligands, etc.) into the prediction process. These external fixed atoms are
handled in a manner similar to backbone atoms. SIDEpro builds boxes and neighbors for
them, and calculates the energy Epp as if the fixed atom were backbone atoms. Since the
SIDEpro ANNSs are trained only on C, O, N, H and S atoms, any other atoms types are
simply treated as C. In addition to handling external molecules, a subset of side-chains in the
protein being predicted can be treated as fixed. These are handled by ignoring the rotamers
at the fixed positions and using the input coordinates for all calculations.

3.1 Evaluation Data and Protocol

To conduct a comparative evaluation of SIDEpro and SCWRLA4, the following datasets are
used: (1) the benchmark dataset of 379 proteins used to evaluate SCWRLA4 [16] (SCWRL4
dataset); (2) 94 proteins determined by X-ray crystallography and released in the most recent
Critical Assessment of Protein Structure Prediction Experiment (CASP9 dataset); (3) a small
set of seven large protein complexes (pdb: IRYP, 2JES, 2UVB, 3GND, 3GZU, 3K1F,
3KQK) ranging in size from 2760 to 8767 residues (COMPLEXES dataset); and (4) a
ribosome (pdb: 1FJG) with and without the RNA (RIBOSOME dataset).

In SCWRLA4 the default predictor utilizes a Flexibile Rotamer Model (FRM), but a Rigid
Rotamer Model (RRM) is also available. The basic tradeoff between the two is that FRM is
more accurate but slower than RRM [16]. Our preliminary tests of SCWRL4 confirmed this
tradeoff, thus, both FRM and RRM are evaluated on each test dataset in this work and the
summary results of both are compared to SIDEpro; however, only the FRM results are
reported in the residue specific accuracy results for the SCWRL4 dataset (Table 3) and the
CASP9 dataset (Table 5).
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The summary results tables present the y| accuracy, yj4, accuracy, and RMSD averaged
over all residues, the average CPU time per protein, and the total number of severe clashes
and moderate clashes. The summary results are presented as follows: SCWRL4 dataset in
Table 2, CASP9 dataset in Table 4, COMPLEXES dataset in Table 6, and the RIBOSOME
dataset in Table 7. In all tables the best result according to each metric is shown in bold.

3.2 Accuracy

Accuracy is assessed using three standard metrics: (1) percentage of side-chains where y; is
within 40 degrees of the experimental structure angles; (2) percentage of side-chains with
both y; and x, within 40°; and (3) root mean square deviation (RMSD), which is calculated
using the absolute coordinates of the corresponding model and experimental structure side-
chain atoms. For ; evaluation, the symmetries of Phe and Tyr are accounted for by
calculating x; using both symmetric atoms and checking each result versus the experimental
structure. For y14, evaluation the symmetries of Asp, Phe, and Tyr are accounted for
similarly. In evaluating the RMSD the symmetries of Arg, Asp, Glu, Phe, and Tyr are
accounted for by calculating the RMSD using both possible atom mappings and keeping the
minimum result.

The accuracy summaries calculated on the SCWRL4 dataset are presented in Table 2.
Overall, SIDEpro is slightly more accurate than SCWRL4-FRM according to all three
accuracy measures: ¥ (86.14% vs 85.43%), x142 (74.15% vs 73.47%), and RMSD (0.911 A
vs 0.948 A). SCWRL4-RRM is the least accurate according to all three measures. Table 3
provides the residue specific accuracy results of SIDEpro and SCWRL4-FRM on the
SCWRLA4 dataset [16].

The accuracy summaries calculated on the CASP9 dataset are presented in Table 4. Again,
SIDEpro is slightly more accurate than SCWRL4-FRM according to all three accuracy
measures: ¥ (85.01% vs 84.21%), x142 (72.76% vs 72.21%), and RMSD (0.940 Avs 0977
A). Again, SCWRL4-RRM is least accurate according to all three measures. Table 5
provides the residue specific accuracy results of SIDEpro and SCWRL4-FRM on for the
CASP9 dataset.

The accuracy summaries calculated on the COMPLEXES dataset are presented in Table 6.
On this set SIDEpro is clearly more accurate than SCWRL4-FRM according to all three
accuracy measures: y (79.73% vs 77.99%), x1+2 (64.19% vs 62.57%), and RMSD (1.109 A
vs 1.184 A). Again, SCWRL4-RRM is least accurate according to all three measures.

The accuracy summaries calculated on the RIBOSOME dataset with and without RNA are
presented in Table 7. When the predictions are made without the RNA coordinates provided
to the methods SIDEpro is more accurate than SCWRL4-FRM according to all three
accuracy measures: ¥ (71.50% vs 70.61%), x142 (53.60% vs 52.37%), and RMSD (1.504 A
vs 1.559 A). SCWRL4-RRM is the least accurate according to all three measures. When the
predictions are made in the presence of the RNA coordinates the accuracies of all three
methods improve according to all three measures. SIDEpro is still the most accurate,
followed by SCWRL4-FRM, with results of y; (74.30% vs 72.31%), %142 (56.00% vs
54.49%), and RMSD (1.423 A vs 1.480 A). SCWRLA4-RRM is still the least accurate
according to the three measures.

3.3 CPU Time

Figure 2 shows the relationship between the number of residues in a protein and the
prediction time for SIDEpro, SCWRL4-FRM, and SCWRL4-RRM using the 379 proteins
from the SCWRL4 dataset. For SIDEpro, the time follows a predictable linear increase
according to the number of residues with a Pearson correlation of 0.97. For both SCWRL
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methods, the time generally increases with the number of residues, but the relationship is
much less predictable. The Pearson correlation for SCWRL4-RRM is 0.53 and for
SCWRLA4-RRM it is 0.48. On the SCWRLA4 dataset the average CPU time needed by each
method to make prediction is 1.61s for SIDEpro, 11.09s for SCWRL4-FRM, and 3.84s for
SCWRL4-RRM (Table 2). The gap in CPU time between SIDEpro and SCWRL is more
significant on the CASP9 dataset where the average CPU times are 2.06s for SIDEpro,
19.06s for SCWRL4-FRM, and 10.64s for SCWRL4-RRM (Table 4). For both of these
datasets the times are calculated using all protein chains in each PDB file as input. The CPU
times for all experiments are obtained using an AMD Turion 64 x2 Mobile Technology
TL-60+ at 2.00 GHz, with 3.00 GB of RAM, and running 32-bit Microsoft Windows Vista
Home Premium Service Pack 2.

For the COMPLEXES dataset the gap between the CPU times required by the different
methods is much more significant. The average CPU times are 26.9s for SIDEpro, 583.9s
for SCWRLA4-FRM, and 409.4s for SCWRL4-FRM (Table 6). For this dataset the times are
calculated using the biological assemblies as input.

On the RIBOSOME dataset without the RNA the CPU times are 11.8s for SIDEpro, 180.0s
for SCWRL4-FRM, and 102.1s for SCWRL4-RRM. When the RNA coordinates are
provided the CPU time for SIDEpro increases only slightly to 13.7s; in contrast the time
jumps to 4020.7s for SCWRL4-FRM and 796.2s for SCWRL4-RRM (Table 7). Note that all
three methods exhibit similar increases in accuracy when the RNA coordinates are utilized
in prediction. In sum, once trained, SIDEpro is significantly faster than the other programs.

3.4 Clash Assessment

Two types of clashes are defined here and used for assessment: severe and moderate. In
order to assess the frequency of clashes appropriately and to make fair comparisons we
utilized SCWRL parameters related to steric repulsion to define clashes.

The SCWRL repulsive energy term applies no penalty if the observed distance, d, between
atoms i and j is greater than the sum of their hard sphere radii (vdw;j). The maximum penalty
is applied if d/vdw,'j < .8325, and a linear ramp is used if .8235 < d/vdwij <114,5, 16]. Thus,
we define a moderate clash to occur if .8235 < d/vdw,-j <1, and a severe clash if d/vdwij <.
8325. Clashes are counted at the level of residue pairs and only the minimum observed d/
vdwi; for each residue pair is considered. This means that each residue pair can only be
counted as one of: (1) unclashed, (2) moderate clash, or (3) severe clash. The radii used in
this assessment are the same as those used in the SCWRL steric energy: carbon, 1.6 A;
oxygen, 1.3 A; nitrogen, 1.3 A; and sulfur 1.7 A.

The counts of severe and moderate clashes observed in the models produced by SIDEpro,
SCWRL4-FRM, and SCWRL4-RRM are presented in the summary tables for each dataset.
The clashes observed in the corresponding PDB structures are also included for comparison.
In general, the disparity in the number of clashes between the PDB structures and the
models produced by all methods demonstrates that there is still room for improvement in
terms of clash resolution.

On the SCWRL4 dataset the SIDEpro models have fewer severe clashes (305 vs 1047) and
fewer moderate clashes (7227 vs 9743) than SCWRL4-FRM models, and also fewer severe
clashes than SCWRL4-RRM models (496); however, SCWRL4-RRM has the smallest
number of moderate clashes (6661).

On the CASP9 dataset the pattern is repeated. SIDEpro models have fewer severe clashes
(112 vs 356) and fewer moderate clashes (2403 vs 3170) than SCWRL4-FRM models, and
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also fewer severe clashes than SCWRL4-RRM models (172); however, SCWRL4-RRM has
the smallest number of moderate clashes (2117).

On the COMPLEXES dataset the pattern is repeated again. SIDEpro models have fewer
severe clashes (253 vs 972) and fewer moderate clashes (6114 vs 7493) than SCWRL4-
FRM models, and also fewer severe clashes than SCWRL4-RRM models (540); however,
SCWRL4-RRM has the smallest number of moderate clashes (5490). This same pattern is
also repeated on the RIBOSOME dataset both with and without RNA.

4 Discussion

Methods that can predict protein side-chains quickly and accurately can be applied in many
important applications in computational molecular biology. In this investigation, we have
described a new machine learning approach to the problem, resulting in a new predictor
SIDEpro, and compared its performance to SCWRL4 on various datasets. In all cases, we
found the same basic result: SIDEpro is more accurate and faster than both versions of
SCWRLA. Table 8 summarizes the statistical significance of SIDEpro's improvements in
accuracy, with respect to SCWRL4-FRM and SCWRL4-RRM, for each dataset using each
metric. Considering the results on the large datasets, SCWRL4, CASP9, and COMPLEXES,
the difference between SIDEpro and SCWRL4-FRM accuracies is significant at p<0.001 for
all results except CASP9 y;,, where p=0.05. When comparing SIDEpro and SCWRL4-
RRM on the large datasets, all of the accuracy results presented are significant at p<1.0e-10.

When compared to the SCWRL4 Free Rotamer Model SIDEpro represents a moderate, but
statistically significant improvement in accuracy, but the difference in CPU time is
significant: SIDEpro is from 7 to 20 times faster depending on the dataset. When compared
to the SCWRLA4 Rigid Rotamer Model the improvement in accuracy is more significant, and
SIDEpro is still from 2 to 15 times faster. In addition, SIDEpro handles proteins complexed
with non-protein molecules robustly, with only a moderate increase in CPU time. Thus,
SIDEpro is a useful new tool for the prediction of protein side-chains in both low- and high-
throughput research projects. SIDEpro is freely available for academic use as part of the
SCRATCH suite [6] available at http://scratch.proteomics.ics.uci.edu/ both as a web server
and as downloadable code.
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Figure 2.

CPU Times versus Protein Length for the 379 Protein SCWRL4 Dataset. The CPU time
required by SIDEpro increases linearly with the number of residues, with a Pearson
correlation of 0.97. For both SCWRL methods, the CPU time generally increases with the
number of residues, but the relationships are less predictable. The Pearson correlation for
SCWRLA4-FRM is 0.53 and for SCWRL4-RRM it is 0.48.
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Table 1

The number of ANNSs for each amino acid. Note that ALA and GLY are excluded because no side-chain
search is needed for these residues. For CYS, we use two different ANNs for Sulphur-Sulphur interactions
corresponding to S-S(CYS) and S-S(MET).

Amino Acid | Number of ANNs
CYS 6
ASP 10
GLU 10
PHE 5
HIS 10
ILE 5
LYS 10
LEU 5
MET 10
ASN 15
PRO 5
GLN 15
ARG 10
SER 5
THR 10
VAL 5
TRP 10
TYR 10
Total 156
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Results significant at p<0.001 are shown in bold

Table 8
Statistical Significance (p-values) of SIDEpro Improvement with Respect to SCWRLA4.

Dataset AA Count 1 X142 RMSD
SIDEpro wrt SCWRL4-FRM
SCWRL4 58265  3.1e-08 9.8¢-05  <1.0e-10
CASP9 17885  7.1e-04 5.1e-02 3.4e-08
COMPLEXES 30734 <1.0e-10  1.5e-09  <1.0e-10
RIBOSOME 2001 1.7e-01 1.4e-01 1.4e-02
RIBOSOME + rna 2001 1.5e-02 9.3e-02 1.4e-02
SIDEpro wrt SCWRL4-RRM
SCWRL4 58265 <1.0e-10 <1.0e-10 <1.0e-10
CASP9 17885 <1.0e-10  <1.0e-10  <1.0e-10
COMPLEXES 30734 <1.0e-10  <1.0e-10  <1.0e-10
RIBOSOME 2001  2.1e-02 2.2e-03 2.1e-05
RIBOSOME + rna 2001 1.3e-03 3.1e-03 4.1e-05
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