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Protein engineering by site-directed recombination seeks to develop proteins with new or improved function, by ac-

cumulating multiple mutations from a set of homologous parent proteins. A library of hybrid proteins is created by

recombining the parent proteins at specified breakpoint locations; subsequent screening/selection identifies hybrids
with desirable functional characteristics. In order to improve the frequency of generating novel hybrids, this paper

develops the first approach to explicitly plan for diversity in site-directed recombination, including metrics for charac-

terizing the diversity of a planned hybrid library and efficient algorithms for optimizing experiments accordingly. The
goal is to choose breakpoint locations to sample sequence space as uniformly as possible (which we argue maximizes

diversity), under the constraints imposed by the recombination process and the given set of parents. A dynamic pro-

gramming approach selects optimal breakpoint locations in polynomial time. Application of our method to optimizing
breakpoints for an example biosynthetic enzyme, purE, demonstrates the significance of diversity optimization and

the effectiveness of our algorithms.

1. INTRODUCTION

Protein engineering aims to create amino acid se-
quences encoding proteins with desired characteris-
tics, such as improved or novel function. Two con-
trasting strategies are commonly employed to at-
tempt to improve an existing protein. One approach
focuses on redesigning a single sequence towards a
new purpose, selecting a small number of mutations
to the wild-type1–5. Another approach creates li-
braries of variant proteins to be selected or screened
for desired characteristics. The library approach
samples a larger portion of the sequence space, accu-
mulating multiple mutations in each library member,
increasing both the ability to reveal novel solutions
to attaining function, as well as the risk of obtaining
non-functional sequences.

Protein engineering by site-directed recombi-
nation (Fig. 1) provides one approach for gener-
ating libraries of variant proteins. A set of ho-
mologous parent genes are recombined at defined
breakpoint locations, yielding a combinatorial set
of hybrids6–9. In contrast to stochastic library
construction methods10–12, site-directed approaches
choose breakpoint locations to optimize expected li-
brary quality, e.g., predicted disruption7, 13, 14. In
both cases, the use of recombination enables the cre-
ation of protein variants that simultaneously accu-

mulate a relatively large number of “natural” mu-
tations relative to the parent. The mutations have
been previously proven compatible with each other
and within a similar structural and functional con-
text, and are thus less disruptive than random muta-
tions. Recombination-based approaches, when com-
bined with high-throughput screening and selection,
can avoid the need for precise modeling of the bio-
physical implications of mutations. They employ
an essentially “generate-and-test” paradigm. As al-
ways, the goal is to bias the “generate” phase to im-
prove the hit rate of the “test” phase.

A library is completely determined by selecting
a set of parents and a set of breakpoint locations.
To optimize an experiment so as to improve the ex-
pected quality of the resulting library, there are es-
sentially two competing goals—we want the resulting
proteins to be both viable and novel. Most previous
work on planning site-directed recombination experi-
ments has focused on enhancing viability, by seeking
to minimize the amount of structural disruption due
to recombination6, 14–17. However, breakpoints can
also be selected so as to enhance novelty by max-
imizing the diversity of the hybrids. For example,
consider choosing one internal breakpoint (in addi-
tion to the one at the end) for the three parents in
Fig. 1, left. If we put the breakpoint between the
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where indicator function I is 1 when the predicate
is true and 0 when it is false. To mitigate the
effect of neutral mutations, rather than using lit-
eral equality we measure functional relatedness us-
ing one of the standard sets of amino acid classes
{{C},{F,Y,W},{H,R,K},{N,D,Q,E},{S,T,P,A,G},
{M,I,L,V}}. In either case, a “gap” in the align-
ment is taken as a distinct amino acid type. Our
approach can be used with any similarly-structured
metric for mutation level.

While our goal is to optimize library diversity,
we show that the choice of parents and number of
breakpoints, independent of breakpoint location, de-
termines the mutation level between all pairs of hy-
brids (Claim 2.1), between one parent and all hybrids
(Claim 2.2), and between all hybrids and all parents
(Claim 2.3).

Claim 2.1.
∑nλ−1

i=1

∑nλ

j=i+1 m(Hi, Hj) = n2(λ−1) ×∑n−1
a=1

∑n
b=a+1 m(Pa, Pb).

Claim 2.2. ∀Pa ∈ P :
∑nλ

i=1 m(Hi, Pa) = nλ−1 ×∑n
b=1 m(Pa, Pb).

Claim 2.3.
∑n

a=1

∑nλ

i=1 m(Hi, Pa) = nλ−1 ×∑n
a=1

∑n
b=1 m(Pa, Pb).

Proof. Consider residue position r, where 1 ≤ r ≤ l.
Over the set of nλ hybrids, there must be nλ−1 in-
stances of P1[r], nλ−1 of P2[r], . . . , and nλ−1 of Pn[r].
Thus we have

nλ∑
j=1

m(Hj , Hi) =
l∑

r=1

n∑
a=1

nλ−1 × I{Pa[r] �= Hi[r]}

= nλ−1 ×
n∑

a=1

m(Pa, Hi). (2)

By extending this to all pairs we have (Claim 2.1):

nλ−1∑
i=1

nλ∑
j=i+1

m(Hi, Hj)

=
l∑

r=1

n−1∑
a=1

n∑
b=a+1

n2(λ−1) × I{Pa[r] �= Pb[r]}

= n2(λ−1) ×
n−1∑
a=1

n∑
b=a+1

m(Pa, Pb), (3)

and by similarly comparing to a fixed parent we have

(Claim 2.2):

nλ∑
i=1

m(Hi, Pa) =
l∑

r=1

n∑
b=1

nλ−1 × I{Pa[r] �= Pb[r]}

= nλ−1 ×
n∑

b=1

m(Pa, Pb). (4)

Claim 2.3 follows immediately from Claim 2.2.

The right-hand sides of the claims involve the
parents but not the hybrids. Thus, surprisingly,
the total number of mutations differentiating hybrids
from each other and from the parents are indepen-
dent of breakpoint locations and determined solely
by the choice of parents. However, the distribution
of the diversity within the library does depend on
the breakpoints.

2.2. Metrics for Breakpoint Selection

Intuitively (Fig. 1, right), hybrids sample a sequence
space defined by the parents and the breakpoint lo-
cations. A priori, we don’t know what parts of the
space are most promising, and thus we seek to gener-
ate novel proteins by sampling the space as uniformly
as possible, rather than clustering hybrids near each
other or near the parents.

More formally, consider one particular hybrid
Hi. We want to make other hybrids roughly all as
different from Hi; i.e., for the other Hj , the various
m(Hi, Hj) should be roughly equal. If we do this
for all Hi, then we will also make the Hj different
from each other (and not just from one particular
Hi). That is, we want to make m(Hi, Hj) relatively
uniform, or minimize its deviation:√√√√ 2

nλ(nλ − 1)
×

nλ−1∑
i=1

nλ∑
j=i+1

(m(Hi, Hj) − m)2, (5)

where m is the mean value of m(Hi, Hj).
Expanding the square in Eq. (5) yields an

m(Hi, Hj)2 term, a constant m2 term, and an m ×
m(Hi, Hj) term whose sum is constant by Claim 2.1.
Thus we need only minimize the m(Hi, Hj)2 term,
which we call the “variance.” This gives us the first
of two diversity optimization targets.

Problem 2.1. (Hybrid-Hybrid Diversity Opti-
mization) Given n parent sequences P of l residues
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Expanding the second term on the right-hand
side in Eq. (11) gives Eq. (12).

By Claim 2.1 for parents with k − 1 breakpoints
(and thus truncated at r′), we have Eq. (13).

We can substitute twice the right-hand side of
Eq. (13) into the third term in Eq. (12) (with “twice”
to account for summing over all pairs vs. all dis-
tinct pairs), noting that the sums over the parents
a and b in Eqs. (12) and (13) are independent. We
can then substitute the resulting formula back into
Eq. (11). Simplification yields Eq. (14), where most
terms are collected into eHH , except for the sums

of m(H ′
i, H

′
j)

2, including n from the first term in
Eq. (11) and twice

(
n
2

)
from the first term in Eq. (12)

(with “twice” again due to all vs. all distinct). Be-
cause Eq. (14) only depends on r′ and not the pre-
vious breakpoints,

d(r, k) = min
r′<r

{n2 × d(r′, k − 1) + eHH(k, r, r′)}. (9)

Computing this recurrence using dynamic program-
ming requires a table of size λ×l; filling in each entry
requires time O(n2) to compute eHH and must look
back at O(l) previous entries to compute the mini-
mum, for a total time of O(λn2l2).

eHH(k, r, r′) = 4n2(k−2) ×
n−1∑
a=1

n∑
b=a+1

m(Pa[1, r′], Pb[1, r′]) ×
n−1∑
a=1

n∑
b=a+1

m(Pa[r′ + 1, r], Pb[r′ + 1, r])

+n2(k−1) ×
n−1∑
a=1

n∑
b=a+1

m(Pa[r′ + 1, r], Pb[r′ + 1, r])2. (10)

nk−1∑
i=1

nk∑
j=i+1

m(Hi, Hj)2 =
n∑

a=1

nk−1−1∑
i=1

nk−1∑
j=i+1

m(H ′
i + Pa[r′ + 1, r], H ′

j + Pa[r′ + 1, r])2

+
n−1∑
a=1

n∑
b=a+1


nk−1∑

i=1

nk−1∑
j=1

m(H ′
i + Pa[r′ + 1, r], H ′

j + Pb[r′ + 1, r])2


. (11)

n−1∑
a=1

n∑
b=a+1

( nk−1∑
i=1

nk−1∑
j=1

m(H ′
i + Pa[r′ + 1, r], H ′

j + Pb[r′ + 1, r])2
)

=

n−1∑
a=1

n∑
b=a+1


nk−1∑

i=1

nk−1∑
j=1

m
(
H ′

i, H
′
j

)2

+
n−1∑
a=1

n∑
b=a+1


nk−1∑

i=1

nk−1∑
j=1

m (Pa[r′ + 1, r], Pb[r′ + 1, r])2



+
n−1∑
a=1

n∑
b=a+1


nk−1∑

i=1

nk−1∑
j=1

2 m
(
H ′

i, H
′
j

)× m (Pa[r′ + 1, r], Pb[r′ + 1, r])


. (12)

nk−1−1∑
i=1

nk−1∑
j=i+1

m(H ′
i, H

′
j) = nn2(k−2) ×

n−1∑
a=1

n∑
b=a+1

m(Pa[1, r′], Pb[1, r′]). (13)

nk−1∑
i=1

nk∑
j=i+1

m(Hi, Hj)2 = n2 ×
nk−1−1∑

i=1

nk−1∑
j=i+1

m(H ′
i, H

′
j)

2 + eHH(k, r, r′). (14)
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