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A genetic algorithm is used as the basis of a new technique for crystal structure solution from powder diffraction data;
two examples of successful structure solution illustrate the potential of this approach.

Solving crystal structures directly from powder diffraction
data by traditional structure solution methods is associated
with several difficulties, originating primarily from extensive
peak overlap in the powder diffractogram. An approach to
circumvent this problem'? is to sample trial structures in
direct space, and to assess their correctness by comparison
(using the profile R-factor R,,,) between the diffractogram
calculated for each trial structure and the experimental
diffractogram. In essence, this approach involves searching
the R,p(X) hypersurface to find the best structure solution
(lowest R,p,), where X represents the set of variables that
define the structure. PreVlously, 7 the success of Monte
Carlo methods for exploring the R,(X) hypersurface has been
demonstrated. In this paper, we propose a new method® for
exploring Ry,(X), based on a Genetic Algorithm; two
examples illustrate the success of this approach.

The Genetic Algorithm (GA) is an optimization technique
based on evolutionary principles, in which the fittest
members of a population survive and procreate, leading to
improved subsequent generations.” In the present case, each
member of the population is a trial crystal structure, defined
by the position, orientation and internal geometry of a
‘structural  fragment’  (representing an  appropriate
set of atoms within the asymmetric unit). The ‘fitness’
of each structure (labelled 1) in the population depends
on R, and is quantified using the function F(i)=
0.5[1 — tanh(2n{2p(i) — 1}), where  p(i) = [Ryp(1) — Rminl/
[Rmax—Rmin]. Note that F(i) = 1 when Ry, = Ruin (the lowest
Ry, in the current population) and F(i)=0 when
Ryp(1) = Rpax (the highest R, in the current population).
The values of R, and R,.. are updated for each new
generation of the population (see below). The fitness func-
tion defined above has been designed from our knowledge
of the typical nature of R, hypersurfaces.

The initial population comprises Np randomly generated
structures, and the set X of variables that defines each
structure can be regarded as its ‘genetic code’. Subsequent
generations of the population are produced through well-
defined evolutionary procedures (Scheme 1). Mating
involves selecting pairs of structures (with probability of
selection proportional to fitness), and generating progeny by
combining genetic information from the two parents. Any
progeny that are identical to an existing structure in the
population are deleted immediately, preventing premature
convergence of the entire population towards a single
structure. Diversity of the population is ensured by intro-
ducing a few mutant structures within each generation;
these are generated by randomly selecting structures from
the population and introducing random changes to parts of
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Scheme 1 Procedure for evolution of the population from
one generation (M) to the next generation (M + 1) in the GA
calculation

their genetic codes. Natural selection ensures that only the
best structures survive and the overall fitness of the popu-
lation improves from one generation to the next.

The success of our GA approach (using the program
GAPSS'?) is illustrated for structure solution of p-methoxy-
benzoic acid (1) and formylurea (2). The structures of 1 and
2 were solved previously from powder X-ray diffraction
data (Monte Carlo method for 1;* direct methods for 2”),
and the same data were used in the present work. Testing
the new GA method using previously-known structures in
this way allows a definitive assessment of its validity. In
both cases, the GA calculation involved the evolution of
100 generations of a population of 100 structures (Np). In
each generation, 100 matings (Ny;) and 10 mutations (Nx)
were considered.

The GA calculation for 1 used a rigid structural fragment
comprising the C and O atoms of the benzoate group
(C¢CO,) and the O atom of the methoxy group. Standard
bond lengths and bond angles were used, with the two
C—O bond lengths of the carboxylic acid group taken as
equal. Thus, each structure was defined by six parameters
{xi, ¥i» zi, 0;, ¢;, Wy}, representing the position of the centre
of mass (x;, ;, z;) and the orientation (6;, ¢;, ;) of the rigid
structural fragment. Mating was carried out by a single
point cross-over, with the genetic codes of the two parents
(i and j) cut between the positional and orientational par-
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Fig. 1 The evolution of R, for the best structure in the
population (filled circles) and the evolution of the average R,
for the population (open circles) in the GA calculations for:
(@) 1; (b) 2

ameters to produce two progeny {x, yi, zi, 0j, ¢j, ¥;} and
{xj, »j» zj, 05, ¢i, ¥i}. Mutations of selected structures were
carried out by randomly changing one positional parameter
and one orientational parameter.

The GA calculation for 2 used a flexible structural
fragment comprising all non-H atoms, with standard
bond lengths and bond angles. The internal degrees of
freedom were the torsion angles for the two C—N bonds
shown: H(CO)—(NH)—(CO)(NH,). Thus, each structure
was defined by eight parameters {x;, y;, z;, 0, éi, Vi, Ti» %i)»
representing the six parameters described for 1 plus two tor-
sion angles (internal degrees of freedom). For mating and
mutation, the eight parameters were considered to comprise
four groups {(xi, yi, zi); (05, éi, ¥4); (v:); (x)}. In mating, two
groups were selected at random from one parent and com-
bined with the other two groups taken from the other
parent; again, the two progeny generated by cross-over were
considered. Mutations involved making a random change
to two of the four groups [for the groups (x;, y;, z;) and
(0;, ¢, ), only one of the three parameters was changed].

Fig. 1 shows the evolution of R, in the GA calculations,
and Fig. 2 compares the best structure solution with the
known structure. Clearly the GA approach has successfully
located and discriminated a position for the structural
fragment close to its position in the crystal structure.
Subsequent Rietveld refinement of these structure solutions
(and for 1, location of the methoxy C atom by difference-
Fourier methods) leads straightforwardly to the known
crystal structures.

These results demonstrate the potential of the GA
approach for structure solution from powder diffraction data,
both for rigid and flexible structural fragments. Preliminary
comparisons suggest that the GA approach may be signifi-
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Fig. 2 Comparison between the position of the structural
fragment in the best structure solution obtained in the GA
calculation (open circles) and the position of the corresponding
atoms in the known crystal structure (filled circles) for: (a) 1; (b) 2

QD

cantly more efficient than the Monte Carlo technique (note
from Fig. 1 that structures with low R, are generated very
early in the evolutionary process), while we emphasize again
the advantages of direct-space methods based on consider-
ation of R, over the traditional techniques for structure
solution from powder diffraction data. A rigorous optimiz-
ation of our GA approach is currently in progress.
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