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A previously published new rotation function has been improved by using a dynamic correlation coefficient as well

as two new scoring functions of relative entropy and mean-square-residues to make the rotation function more robust

and independent of a specific set of weights for scoring and ranking. The previously described new rotation function

calculates the rotation function of molecular replacement by matching the search model directly with the Patterson

vector map. The signal-to-noise ratio for the correct match was increased by averaging all the matching peaks. Several

matching scores were employed to evaluate the goodness of matching. These matching scores were then combined into

a single total score by optimizing a set of weights using the linear regression method. It was found that there exists an

optimal set of weights that can be applied to the global rotation search and the correct solution can be ranked in the top

100 or less. However, this set of optimal weights in general is dependent on the search models and the crystal structures

with different space groups and cell parameters. In this work, we try to solve this problem by designing a dynamic

correlation coefficient. It is shown that the dynamic correlation coefficient works for a variety of space groups and cell

parameters in the global search of rotation function. We also introduce two new matching scores: relative entropy and

mean-square-residues. Last but not least, we discussed a valid method for the optimization of the adjustable parameters

for matching vectors.
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1. Introduction

As structural genomics progresses, automatic

structure determination using the molecular re-

placement method has been becoming increasingly

important.[1] This has spurred more development of

both the search engine and the automatic intelligent

pipeline for molecular replacement such as PHASER,

Mr.Bump, AMORE, ARP/wARP, the JCSG pipeline

and MOLREP.[2−7]

The search engine for molecular replacement

method is primarily concerned with a problem that

when a search model is given, how the search en-

gine (a program or a set of programs) finds the best

orientation and position of this model in the target

crystal.[8] There are six degrees of freedom, three for

orientation (the rotation search) and three for position

(the translation search). According to the manner in

which these six degrees of freedom are searched, the

search engine can be divided into three types: one

is to perform the rotation search first and then the

translation search; the second is to perform the rota-

tion and translation search simultaneously such as in

EPMR.[9] and Queen-of-Spades;[10] the third is to do

a brute-force sampling of the rotation space and for

each rotation sampled perform a translation search.

For any given translation search method that is suf-

ficiently fast, the third type search engine (or search

strategy) may be used. For a structure determination

problem using molecular replacement, a combination

of the above three search strategies may be used for

either finding the initial solutions or refining potential

good solutions.

Previously we have introduced a new rotation

function for the rotation search of the molecular re-

placement method.[11] In this new method, the atomic

coordinates of the search model is directly matched
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with the Patterson map of the target crystal. The

goodness of matching is measured by several scor-

ing functions such as the product of atomic and map

weights, the correlation coefficient of atomic and map

weights, the relative R-factor of atomic and map

weights, and so on. The signal-to-noise ratio of the

matching is enhanced by first averaging the peaks

of all possible matches and then optimizing a set of

weights by the linear regression method to obtain a

combined score of all the individual matching func-

tions. We have found that the set of weights optimized

from local search around the correct solution can be

generalized to global search with reasonably good re-

sults. This set of weights should at least be applica-

ble for a given model and a target crystal with known

space group and cell parameters.[11] We also found the

set of weights optimized depends on the crystal form.

This will greatly limit the applicability of our new ro-

tation function when applying to an unknown target

crystal form.

In this work, we propose a new method of cal-

culating correlation coefficient for each rotation angle

sampled in the rotation function search, and this “dy-

namic” correlation coefficient is used as the value of

our new rotation function. So the set of weights are

optimized dynamically and locally instead of globally

for a given target crystal, this will reduce the depen-

dence of the weights on the crystal form. In addi-

tion, we add two new matching scoring functions: the

relative entropy between the model weights and the

Patterson map weights, and the mean-square residues

between the model weights and the map weights. The

relative scales between the model and map weights are

such to minimize their differences in distribution. We

found that our new rotation function was applicable

to a number of crystal structures extracted from PDB

with experimental diffraction data.

2. Materials and methods

2.1.Relative entropy as a matching

function

The relative entropy between the weights of the

search model and Patterson map is calculated by the

following formula:

Rent =
1

N

{MP}∑
i

pi ln

(
pi
qi

)
− ⟨p⟩ ln

(
⟨p⟩
⟨q⟩

)
. (1)

Here the summation is over the set of the matched

points between the model and Patterson map, {MP},
whose total number is N . pi is the weight of the Pat-

terson map vectors and qi is the weight of the atomic

vectors of the search model; ⟨p⟩ and ⟨q⟩ are the aver-

aged weights over the matched points (or vectors).

The initial relative scale is calculated by normal-

izing the weights over the whole search model and Pat-

terson map vectors. Then for each translation vector

in the rotation search, the weight distribution is renor-

malized for each set of matched points by subtracting

the second term in the above equation.

2.2.Mean-square residues as a matching

function

The mean-square residues between the weights of

the search model and Patterson map are calculated by

the following formula:

Rres =
1

N

{MP}∑
(pi − qi)

2. (2)

Here the summation is over the set of the matched

points between the model and Patterson map, {MP},
whose total number is N . pi is the weight of the Pat-

terson map vectors and qi is the weight of the atomic

vectors of the search model. The initial relative scale is

calculated by normalizing the weights over the whole

search model and Patterson map vectors. However,

in this case the weights are not renormalized for the

matched points.

2.3.Dynamic correlation coefficient as

the rotation function

The dynamic correlation coefficient is calculated

as follows. First, all the globally sampled rotations

are applied to the search model and its matching scor-

ing functions are calculated. Secondly, for each rota-

tion angle, its closest neighbouring angles sampled are

found. This is done for each rotation angle sampled

only once and the indexed neighbour list can be re-

used for different calculations of dynamic correlation

coefficients. From the neighbour list, a given num-

ber of closest angles are selected randomly and the

set of angles and their matching scores are stored in

a file or matrix. Thirdly, this set of matching scores

are submitted to a linear regression fit using the an-

gular distance from each neighbouring angle to the

106101-2



Chin. Phys. B Vol. 19, No. 10 (2010) 106101

rotation angle used to define the neighbour list, as the

fitting “experimental” value. Finally, after the linear

regression fitting, there are a calculated or fitted value

and an “experimental” value. The correlation coeffi-

cient between these two sets of values is defined as

the dynamic correlation coefficient for the given rota-

tion angle. Since the dynamic correlation coefficient is

calculated by using its local angle neighbours, it can

also be called the local dynamic correlation coefficient.

This value should better reflect the goodness-of-fit be-

tween the search model and the Patterson map at this

particular rotation angle.

2.4.Adjustable parameters vector

matching

Rotation angle sampling is described

previously.[11] Grid size is the grid spacing used for

digitizing the translation space. Nsum cut-off unit is

the number of matched vectors (or points) in calcu-

lating the matching scores. Nsum cut-off asymmunit

is the number of the averaged matched vectors after

all translation vectors have been folded into an in-

put asymmetric unit determined by the crystal space

group. Both Nsum values are cut-off to set the mini-

mum required for including the corresponding scores

in the overall average over all possible translation

vector peaks.

2.5.Test cases

The search model was the same as in the previ-

ous publication. In this work, we only used a poly-Ala

model. It consists of a helix-turn-helix from residues

3 to 36 in the myoglobin structure with PDB code

1a6m. The nine target crystals used in this work are

listed in Table 1. Both the coordinates and diffraction

data were extracted from the PDB (www.rcsb.org).

All of them have experimental diffraction data avail-

able for download up to 2.0 Å (1 Å = 0.1 nm) except

PDB entry 2mm1. The Patterson maps for all tests

were calculated using CCP4 programs and the reso-

lution cut-offs for the diffraction data were all 2.0 Å.

The Patterson vectors selected for matching were map

points with values greater than or equal to 1σ. One

unit cell of the Patterson map was scanned for match-

ing.

3. Results

The target crystals cover a range of space groups

and cell parameters, as listed in Table 1. Tests were

performed using these crystal structures, where global

searches were conducted using polar angles and the

rotation solutions were ranked using dynamic corre-

lation coefficients. The search model was the poly-

Ala model extracted from the structure of 1a6m from

residues 3 to 36, which is a unique fragment within

the myoglobin. The nine crystal structures were used

as the “unknown” target structures. The main ad-

justable parameters are the grid size, the minimal

number of matched vectors (Nsum cut-off unit), and

the minimal number of matched vectors within an

asymmetric unit (Nsum cut-off asymmunit). After

screening a range of parameters for grid size from 4.6

to 5.4, Nsum cut-off unit from 2 to 16, and Nsum cut-

off asymmunit from 2 to 16, the best results are listed

in Table 2. Choice of the asymmetric unit for each

crystal is the smallest possible for the given space

group in the fractional coordinates. Other choices of

the same size give similar results. From Table 2 it

can be seen that our new rotation function using dy-

namic correlation coefficient has found good correct

solutions for all nine target crystals, as well as for the

crystal of the search model. These crystals cover a

range of space groups and cell parameters, indicat-

ing that the new improved method of calculating the

rotation function is not limited to a particular space

group and does not need to be optimized relative to a

specific search model.

Criteria for good solutions are that the angular

distances of the solutions from the correct target struc-

ture are not greater than 15 degrees and the ranks of

the solutions are not greater than 1000. After the

rotation search, the translation search is performed

around the rotation angle suggested by sampling its

neighbouring angles, which constitutes a local refine-

ment of the orientation. So as long as there is at least

a good solution obtained by the rotation search, it

is possible to find the target solution in the transla-

tion search. Of course, it is generally better to have

more number of good solutions and secondarily better

to have less ranking number for good solutions to in-

crease the chance of success in the translation search.

The results in Table 2 suggest that a big step has been

made toward the practical application of this new ro-

tation function.
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Table 1. Crystals used for test cases.

crystal space group cell parameters resolution/Å reference

1a6m P21 a = 63.800, b = 30.810, c = 34.350, β = 105.80◦ 1.78 [12]

1dti P212121 a = 49.163, b = 40.002, c = 80.011 1.70 [13]

102m P6 a = b = 91.433, c = 45.949, γ = 120.00◦ 1.84

1j3f P212121 a = 32.972, b = 58.787, c = 76.237 1.45 [14]

1mlu P6 a = b = 91.200, c = 45.870, γ = 120.00◦ 1.90 [15]

1wvp P43212 a = b = 60.982, c = 84.808 1.53 [16]

2evp P212121 a = 39.670, b = 47.770, c = 77.430 1.70 [17]

2jho P21 a = 34.409, b = 29.786, c = 63.633, β = 104.93◦ 1.40 [18]

2mm1 P3221 a = b = 86.200, c = 35.600, γ = 120.00◦ 2.80 [19]

Table 2. Number of good solutions and best ranking of correct solutions for global searches using dynamic correlation

coefficient.

crystal space group asymmetric unit grid size/Å

Nsum

cut-off for

matchinga

Nsum cut-off

for asymmetric

unitb

number of

good solutionsc

best ranking

of correct

solutionsd

1a6m P21 1.0 1.0 0.5 5.2 4 4 8 139

1dti P212121 1.0 0.5 0.5 4.8 4 4 44 42

102m P6 0.5 0.5 1.0 5.0 2 12 1 2

1j3f P212121 1.0 0.5 0.5 5.2 2 12 3 207

1mlu P6 0.5 0.5 1.0 5.4 2 8 4 105

1wvp P43212 0.5 0.5 1.0 5.4 2 2 4 490

2evp P212121 1.0 0.5 0.5 5.0 4 4 27 6

2jho P21 1.0 1.0 0.5 5.0 4 8 5 3

2mm1 P3221 1.0 1.0 0.5 5.0 2 8 3 316

a The cut-off value for the minimal number of matched vectors.
b The cut-off value for the minimal number of matched vectors within an asymmetric unit.
c The criterion for good solutions is that the angular distances of the solutions from the correct target structure are

not greater than 15 degrees and the ranks of the solutions are not greater than 1000.
d The criterion for correct solutions is that the angle distances of the solutions from the correct target structure are

not greater than 15 degrees.

4. Discussion

In our previous work,[11] we described a rotation

function calculated by matching the search model di-

rectly with the Patterson vector map. The signal-to-

noise ratio for the correct, meaningful match was in-

creased by averaging all the matching peaks. Several

matching scores were employed to evaluate the good-

ness of matching. These matching scores were then

combined into a single total score by optimizing a set

of weights from linear regression. It was shown that

for a specific search model and a given crystal struc-

ture, there exists such a set of optimal weights that

can be applied to the global rotation search and the

correct solution can be ranked in the top 100 or less.

However, this set of optimal weights in general can-

not be transferred and applied to other search models

and crystal structures with different space groups and

cell parameters. For example, the set of weights op-

timized for 1a6m did not work for 1dti, that is, when

the weights were applied to ranking global rotation

solutions, the best rank for the correct solution was

over 104. In this work, we try to solve this problem

by designing a dynamic correlation coefficient. We

also introduce two new matching scores: relative en-

tropy and mean-square-residues. As shown in Table

2, the results are very encouraging. It shows that the

dynamic correlation coefficient works for a variety of

space groups and cell parameters in the global rotation

search.

Relative entropy is also called Klieber–Kullback

distance between two distributions and in special cases

it is equivalent to maximum likelihood function.[20] So

it may be crucial to include this measure of differ-

ence in evaluating the matching score. Mean-square-

residue is another important measure of difference,

which is sensitive to the difference between two dis-

tributions in different ways. However, the detailed
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behaviour of these measures relative to search models

and crystal forms has not been tested.

From Table 2, the best parameters for grid

size, Nsum cut-off unit, and Nsum cut-off asymmunit

seem to change with crystal forms slightly. For some

combinations of parameters, there might be no good

solutions as defined by our criteria (data not shown,

see Table 2 for the definitions of ‘good solution’ and

‘correct solution’). So it seems that these parameters

need to be optimized. We consider that the dynamic

correlation coefficient of the random solutions is the

background noise and that of the correct solution the

signal. Then the rank of the correct solutions is used

as an indicator of the signal-to-noise ratio. It was

found that the ranks of the correct solutions correlated

weakly (cc∼0.32) with the averaged background noise

obtained by sampling 30 random rotations. Therefore,

in blind case, the background noise can be used as an

indicator of the goodness of the parameters. That is,

we optimize the adjustable parameters so that they

give the lowest background noise obtained by sam-

pling 30 random rotations globally. Listed in Table 3

are the number of good solutions and the best rank-

ing of correct solutions obtained from global searches

using the optimized parameters.

Furthermore, to have a clear view of how the new

rotation function has been improved by using a dy-

namic correlation as well as two new scoring functions

and optimized parameters, we made a comparison of

the new rotation function and Phaser BRF[2] (The

search model is the same as in the previous jobs but

has been rotated by a polar angle (45, 60, 180) rela-

tive to the target crystals). The results are listed in

Table 4. It can be seen that our new rotation function

has found correct solutions for all nine target crys-

tals and six of them have at least one good solution,

whereas only two crystals have correct solutions after

Phaser BRF searches. It suggests that the improve-

ment of the new rotation function is more robust and

more independent of the specific crystal structures.

Table 3. Number of good solutions and best ranking of correct solutions for global searches using the optimized parametersa.

crystal space group asymmetric unit grid size/Å
Nsum cut-off

for matching

Nsum cut-off for

asymmetric unit

number of good

solutions

best ranking of cor-

rect solutions

1a6m P21 1.0 1.0 0.5 5.2 2 8 1 937

1dti P212121 1.0 0.5 0.5 5.2 2 12 0 1899

102m P6 0.5 0.5 1.0 5.4 4 8 1 6

1j3f P212121 1.0 0.5 0.5 4.8 4 8 1 841

1mlu P6 0.5 0.5 1.0 5.0 2 8 1 457

1wvp P43212 0.5 0.5 1.0 4.8 2 12 2 670

2evp P212121 1.0 0.5 0.5 4.8 2 8 1 175

2jho P21 1.0 1.0 0.5 4.8 2 12 5 39

2mm1 P3221 1.0 1.0 0.5 5.2 4 12 1 227

a The selection of the adjustable parameters is based on the principle of the lowest average value of the dynamic correlation

coefficient of 30 random rotations. The definitions of ‘good solution’ and ‘correct solution’ are given in Table 2.

Table 4. Number of good solutions and best ranking of correct solutions for global searches using the new rotation functiona

and Phaser BRF.

crystal
number of good solutions

for new rotation function

best ranking of correct solu-

tions for new rotation function

number of good solu-

tions for Phaser BRF b

best ranking of correct so-

lutions for Phaser BRF

1a6m 1 24 0 *c

1dti 0 2743 0 *

102m 2 119 3 119

1j3f 1 695 0 *

1mlu 0 3822 3 21

1wvp 1 220 0 *

2evp 0 1650 0 *

2jho 2 136 0 *

2mm1 2 258 0 *

a The parameters have been optimized before the global searches of the new rotation function. The definitions of ‘good solution’

and ‘correct solution’ are given in Table 2.
b The global searches of Phaser BRF are run with all default parameters except selecting to output all solutions.
c ∗ means no correct solution can be found in all of the output solutions.
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