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Better library design: data-driven protein engineering 
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Data-driven protein engineering is increasingly used as an alternative to rational design and com­
binatorial engineering because it uses available knowledge to limit library size, while still allowing 
for the identification of unpredictable substitutions that lead to large effects. Recent advances in 
computational modeling and bioinformatics, as well as an increasing databank of experiments on 
functional variants, have led to new strategies to choose particular amino acid residues to vary in 
order to increase the chances of obta ining a variant protein with the desired property. Strategies 
for limit ing diversity at each position, design of small sub-l ibraries, and the performance of scout­
ing experiments, have also been developed or even automated, further reducing the library size. 
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1 Introduction 

1.1 The case for data-driven protein engineering 

Data-driven protein engineering is increasingly used as 
an alternative to rational design and combinatorial engi­
neering because it uses available knowledge to limit Ii· 
brary size, while still allowing for the identification of un· 
predictable substitutions that lead to large effects. Oneil­
lustration of the efficiency of a data-driven approach is the 
work of Parikh and Matsumura [1], who showed that a sin­
gle round of structure-guided site-saturation mutagene­
sis on ~-galactosidase using the crystal structure with a 
bound substrate analog identified a variant that was 
180-fold more active and 700 000-fold more specific for fu­
coside substrates than the wild-type enzyme. Previous 
mutants identified in seven rounds of directed evolution 
and screening were only 10-fold more active and 2-fold 
more specific than wild type, and required considerably 
more time and effort to screen [1, 2]. Table 1 summarizes 
recent work in data-driven protein design. For each type 
of design outlined below, one specific example is dis· 

Correspondence: Professor Andreas S. Bommarius, 315 Ferst Dr. , Atlanta , 
GA 30332-0363 , USA 

E-mail : and rea s. born mariu s@chbe .gatech .edu 
Fax: + 1-404-894-2291 

Abbreviations: epPCR, error-prone PCR; Tm' melting temperature 
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cussed in detail. The other examples are provided in the 
table to give a general summary (rather than the "best­
case scenario") of the work in this area and to direct in­
terested readers towards other references worth examin· 
ing. 

In a broad sense, data-driven protein design uses all 
available knowledge to limit library size. Crystal struc­
tures of the proteirl of interest (with or without the sub­
strate bound) are, of course, useful, but data-driven pro­
tein engineering is not limited to such cases. In fact, the 
view that data-driven protein engineering can be equat­
ed with site-saturation mutagenesis is too narrowly fo­
cused as data-driven methods can also be applied to 
methods such as site-directed mutagenesis or recombi­
nation. Besides crystal structures. a wide variety of tools 
can be applied, ranging from sequence alignments or 
phylogenetic trees to computational models, and small, 
experimental libraries used to "scout" for interestirlg 
residues. Conversely, such tools can be used to identify 
areas of the protein that must not be manipulated. Addi· 
tionally, it is important to note that many useful data-driv­
en techniques (e.g., the consensus concept) for the irn· 
provement of proteirl stability were pioneered by proteirl 
therapeutic engineers. The concepts can be often direct· 
ly transferred to enzyme engineerirlg, where they work 
equally well. 

*These authors contributed equal ly to this work . 

'1,:WILEY 
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Table 1. Summary of important work in data-driven protein engineering (giving numerous examples for each type of library to give a general overview and 
indicate other references worth examining). Where applicable, an example from classical combinatorial engineering is provided for comparison•! 

Enzyme Method No.of No. of Improved property Library Refs 

mutation rounds Fold- size 

sites 
Mutants Property 

improvement 

Choosing residues to target 

Structure-based 

Penicillin acylase SM 3 3 Prod uct 4- 5 700 [22] 
inhibition 

N-Acetylneuramin ic SM 3 kcat/KM 49 96*3 [24] 

acid lyase Specificity 690 

Phosphotriesterase SM 2 2 kcatf KM l 00 (wt) 1200 [9] 

SM l 000 (wt) 100? 

Epoxide hydrolase SM 4 Specific activity 4x300 [23] 

SM 2 2x300 

SM 3 10 lxlOO 

Lactate SDM Loop kc,tf KM 3.9*105 2 [28] 

dehydrogenase length Selectivity 1700 

Cytochrome P450 Rec 3 genes Proper folding 46% 6561 [37] 

Comp Activity >33% 

Toluene 4 SM l l Specific 4 300 [89] 

monooxygenase 2 2 activity 7 350 

~-Galactosidase to SM 3 2 kcal/KM 180 l ''l 04 [l l 
~-Fucosidase Specificity 7*105 

Rec 7 8 kcatfKM 10 7x [2] 

Specificity 1000 Pl04 

Esterase SM 4 5 4x [4] 

Enantio- 500 

epPCR 
selectivity 

1.5 288 [90] 

Cre recombinase SM 11 5 Specificity New 3xl08 [25] 

recognition 

Homology-based 

Subtilisin ss 55 Heat 4 1500 [39] 

treatment 

Epidermal growth ss 19 Agonist activity 123 3xl06 [40] 

factor 

Glyphosate N- epPCR/ Rec/ 11 30-35 kcat/KM 9563 l .7xl 08 [41 J 

acetyltransferase ss 

Phytase cc 38 3 11 TM 27.9 44 [44] 

SDM 

lsocitrate cc 6 2 TM 17.3 5 [45] 

dehydrogenase SDM 

3-lsopropylmalate cc 12 2 TM 3.9 12 [46] 

dehydrogenase 

~-Lactamase SDM 29 2 11 TM 9.1 90 [91) 

SDM 352 

© 2007 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim 181 -----
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Table 1. Continued 

Enzyme 

Phenylcyclohexanone 
monooxygenase 

2,4-Dinitrotol uene 

dioxygenase 

Phytase 

Scouting 

Benzoformate 
decarboxylase 

Glutaryl acylase 

Lipase 

~-Glucuronidase 

Lipase B 

Combinations 

Lipase 

o-Hydantoinase 

Penicillin G acylase 

Leuci ne zipper 

Method 

SDM 

SM 

SDM 

epPCR./ 
SDM 

ss 
SM 

epPCR 

SM 

i) Rec 
ii) SM 

i) comp 

ii) epPCR 

epPCR 
epPCR 

SDM 

structure 

SDM 
SM 

cc 
structure SDM 

i) SM, 
structure 
ii) other 

Further restrictions to limit library size 

Cytochrome epPCR 
P450 BM 

Dihydrofolate SM+RCS 
reductase 

Nuclear receptor SM 
epPCR 

Nuclear receptor SM+ RCS 

Antibody i).SM+RCS 
ii) Other 

ii i) Other 

No. of No. of 

mutation rounds 

sites 

Loop 0 
length 

174 

24 

2 

2 
3 

3 

3 b) 2 

2 

3 

3 

21 

28 

4 

14 4 
1 

57 3 

---- 182 © 2007 Wiley-VCH Verlag GmbH & Co. KGaA, Weinhe,m 

Biotechnol. J. 2007, 2, 18~191 

Improved property Library Refs 

Mutants Property 
Fold- size 

improvement 

2 Specificity E>200 3 [47] 

Specific activity 174 200 [92] 

24 Specific activity 1.4 [29] 

Specific activity 5 4200 [5 l J 

1*10◄ [521 

kca/KM 2 1* 106 

6 Enantio- 46.4 4xl04 [541 
selectivity 

kw/KM 200 a) 3.45*104 [53] 
3 Enantio• 2.9* 105 b) 2*1 o◄ 

selectivity 

Thermostability 7.5 1*10◄ [551 

3 Tso 2000 [7] 
2000 

300 

Specificity 200 [56] 

2 kcat 10 1.6*1 o◄ 

10 Thermostability 50% 21 [8] 
up to 2.5-fold 

Affinity 7x105 8.3x10◄ [931 
6.2x10◄ 

Proper folding 61% 522 

1-6 Improved activity 7 variants 8160 [861 

1-5 Specificity 4 variants 

3 kc,,/KM 6.2 5000 [1 5] 

7 50x190 [20] 
Ligand specificity l x 108 3.3x106 

4 Ligand specificity 5000 3.8*105 [57] 

21 Ligand affinity 870 a) lx107 [58] 
b) 6x105 

2x105 

c) l xl 07 
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Table 1. Continued 

Enzyme Method No. of No. of Improved property Library Refs 
mutation rounds Fold- size 

sites 
Mutants Property 

improvement 

Nuclear receptor epPCR 4 4 4 Ligand selectivity 7000 lxl 06 [63] 

Lipase i) SM 10 Thermostability a) 34 a) 5x3000 [61, 

ii) SDM 4 3 b) 145 b) 6 [94] 

Lipase SM 15 5 9 Enantio- 25 2xl04 [62] 

selectivity 

Xylanase SM/Rec 189 2 9 TM 35 'C 189 X 384 [95] 

9 4000 

Subtilisin SM 12 12 12 Stability - 7500 2400-3600 [5] 

Computational approaches 

Modeling of sequence-activity relationship 

P-Lactamase CPS 5xl05 6 Specifici ty 1280 2*105 [14] 

Lipase SM 181 Enantio• >1000 2.1 ''l 04 [68] 

selectivity 

CPS 174 Enantio-

selectivity 

Substance P Comp 12 3 Affinity 300 a) 36 

b) 6 

c) 3 

Ecotin SM 4 Inhibition Similarly 7.5x l06 [67] 

Comp potent l .4xl 05 

Lipase Comp 4 4 Enantio• l. 7 4 [80] 

selectivity 

Active site replacement 

Glutathione i) Comp 2 k,,tf KM 65 l) 96 [81 I 
transferace Rec 2) l 031 

ii) Rec 

Sesquiterpene Structure 19 2 4 Specificity 18 2500 (82] 

synthase y-humulene SM 

synthase Comp 

SDM 

Acetylchol ines terase i) optimize 2 2 2 Surface d isplay 3.5 a) 9 [73] 

length b) 8 

ii) 8synthetic 

genes 

iii) Comp 

Antibacterial peptide i) Comp 15 3 Antibacterial 2 60 (74] 

i i) Comp 

i ii) 39 synthetic 

genes 

a) CC: consensus concept; Comp: computational modeling; CPS: computational pre-screening; epPCR: error-prone PCR; RCS: reduced codon set; Rec: recombina-
tion; SDM: site-directed mutagenesis; SM: saturation mutagenesis; SS: synthetic shuffling; T10: half live: T ,,,: melting temperature 

© 2007 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim 183 -----
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To our knowledge the presented subdivision of data· 
driven approaches is the first attempt to give a broad 
overview of such methods. We are conscious that many 
data-driven methods often fit into different categories, 
but to prevent redundant citations we divided them into 
just one specific subdivision. 

1.2 Considerations when using data-driven engineering 

Targeted protein evolution first must begin with an analy· 
sis of which portions of a protein are most likely to impact 
the property of interest. To evolve some properties, such 
as substrate specificity or enantioselectivity, mutations in 
and around the active site, particularly of residues impli­
cated in binding and catalysis, are most likely to be suc­
cessful [3-6[. Other properties, such as stabihty and spe­
cific activity, can be unproved by mutations either near or 
far from the active site [3]. Techniques such as random 
mutagenesis are more likely to sample mutations in re· 
gions of the protein away from the active site because the 
active site constitutes only a very small fraction of whole 
protein. Therefore, focused libraries can be especially ef­
fective for certain evolutionary targets. However, it is also 
possible to use a crystal structure find important residues 
for properties that are not connected with the active site 
(e.g. [7, 8]). 

Another important consideration when designing Ii· 
branes 1s that many mutations are also context depend­
ent, meaning they show synergism with or antagonism to 
othe1 sites in the protein [9-12]. To detect synergistic ef· 
fects, both mutat10ns must be present at the same time. 
From a probabihstic standpoint, this is unlikely when us­
ing random mutagenesis. particularly since error-prone 
PCR (epPCR) can only access three to seven amino acid 
via a single base exchange, meaning only a small fraction 
of sequence space can be explored via mutagenesis [13]. 
Focused libraries can access all diversity at a single posi­
tion. and often results in variants that could not be ob­
tamed easily via point mutations [14, 15]. Overall, simul· 
taneous randomization at targeted posit10ns has a greater 
chance of detecting synergistic effect that could not have 
been predicted by mutating the positions individually. 
Active-site mutations are frequently coupled in this man­
ner [12]. On the other hand, some properties (particularly 
those such as stability. which have many routes to suc­
cess) are often independent [16]. In one example of com­
putational engineering, only one interaction term was 
necessary to describe the fitness landscape of 14 different 
mutations [17] 

Finally, in many cases, second-shell mutations have a 
large impact on activity [18]. These will likely be missed 
when usmg focused libraries; however, a combination of 
active-site randomization with combinatorial mutagene· 
SJS to find second-shell mutations is often advantageous 
[19, 20]. 

184 © 2007 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim 
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2 Choosing residues or areas of the protein 
to target 

The most important part of creating a focused library 1s 
determining a method with which to select the residues 
to change. If the incorrect residues are targeted, the Ji. 
brary will not contain a protein with the desired effect, 
and the experimental time in constructing and screening 
the library will be wasted. There are a variety of methods 
to choose important residues for a given problem: crystal­
structure-based studies such as molecular modeling and 
molecular dynamics; sequence alignment or homology­
based methods; and "scouting" experiments. These may 
be used alone or in concert to predict which residues hold 
the most promise to yield a library with the desired prop· 
erties. 

2.1 Structure-based studies 

In an analysis of data from pubhshed single mutants, Mor­
ley and Kazlauskas [3] showed that improvements in 
enant10selectivity and substrate specificity were more 
closely linked to mutations close to the active site, while 
mutations that improved overall activity level and thermal 
stabihty were equally likely to be near the active site or in 
more distant regions. Thus, for cases in which a crystal 
structure has been obtained and for which a change in 
substrate specificity 1s the goal, one logical way to deter· 
mine which residues to target is to utihze 3-D structures 
to determine which residues are likely to be in contact 
with the substrate of interest. Structure-based methods 
include docking of substrates into a crystal structure or 
homology model and molecular dynamics sunulations of 
the protein behavior during catalytic cycles. 

Many successes with targeted randomization based 
on crystal structure data have been shown (reviewed in 
Chica et al. [19]) in diverse examples such as oxidations 
[21]. antibiotic syntheses [22]. hydrolytic reactions [4, 23]. 
aldol condensations [24]. degradation of chemical warfare 
agents [9]. and DNA recombinases [25]. In one example, 
the activity of N-acetylneuraminic acid lyase towards 
6-dipropylcarboxamides was increased using structure· 
guided site-saturation mutagenesis. Here, the crystal 
structures from the E. coil and H influenzae enzymes with 
multiple substrate analogs were used to identify residues 
in contact with the polar group of the native substrate that 
would be more hydrophobic in the desued substrate 
Each of the three residues in contact was then subjected 
to single site-saturation mutagenes1s and one 96-well 
plate of each library was screened to find variants with the 
desired activity. The best single mutant E192N had an in· 
creased kcat and a decreased Km for the desired substrate 
as well as a decreased k~.,1 and an increased Km for the na· 
tive substrate, a 690-fold shift in substrate specificity 
overall [24]. When a crystal structure containing a bound 
substrate is not available, docking the substrate or sub-
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strates of interest into the active-site cavity can also be 
used to determine which residues are in contact with the 
substrate upon binding [15]. 

Another strategy is to exchange structural elements, 
domains, or residues between one or more proteins. This 
concept has been applied to both antibodies and en­
zymes. Due to their inherent flexibility, loops are particu­
larly suited for exchange. The concept of loop grafting is 
widespread in antibody engineering whereby antibodies 
can be raised in a non-human species and the hypervari­
able loops exchanged into a human antibody structure to 
humanize the therapy [26]. Antigen-recognition domains 
can also be grafted into non-antibody scaffolds [271. One 
early report of loop grafting in enzymes relied on a ration­
al strategy whereby a computational search of the protein 
data bank was used to identify candidate loops that would 
fit the peptide environment and bind the desired sub­
strate [28]. In another report, the entire active site of a 
phytase was exchanged, resulting in more favorable cat­
alytic properties being transferred into a more ther­
mostable scaffold. Once the active site residues of the 
thermostable scaffold phytase in contact with the sub­
strate were identified, all of those that were divergent, 
plus all residues immediately adjacent to the active site 
that were different, were simultaneously replaced with 
the corresponding residues from the more catalytically 
active phytase. The resulting variant retained approxi­
mately half the thermostability of the scaffold [melting 
temperature (Tm) 7°C higher than the less thermostable 
parent, but 8°C lower than the thermostable scaffold] and 
had a specific activity increase of nearly 20 U/mg over the 
thermostable (less active) parent [29]. 

Combinatorial strategies, also known as domain 
swapping or shuffling [30-33]. can also be employed and 
a surprisingly large fraction of domain-swapped variants 
form proper secondary structure [34]. In addition, compu­
tational techniques have been developed to determine 
the best placement of crossover pomts to minimize dis­
ruption of the product proteins [35, 36]. Using the 
SCHEMA algorithm [35] to virtually screen 5000 random­
ly generated libraries of 6561 chimeras, 14 crossover sites 
that retained func tionality 111 cytochrome P450 were iden­
tified. Further in silica screening of all possible seven 
crossover libraries identified one library with high diver­
sity and evenly distributed crossover points. The library 
was generated using an experimental technique to create 
chimeras with crossovers directed to certain areas of the 
protein [32]. yielding a family of cytochrome P450s, ap­
proximately half of which were properly folded, 72% of 
these had activity [37]. While this example did not specif­
ically yield improved proteins, the technique is very valu­
able since creating libraries that have a higher percent­
age of folded members will increase the chance of obtain­
ing a mutant with the desired characteristics. 

© 2007 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim 
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2.2 Homology-based methods 

Several strategies have been developed for choosing mu -
tations based on homologous sequences, either from a 
multiple sequence alignment or from a phylogenetic tree 
(reviewed in Minshull et. al. [381). In these methods, or­
thologs (speciated sequences from a common ancestor, 
usually with the same function) can be used to identify 
residues that can tolerate mutation without radically al­
tering function. Therefore, positions that are conserved 
among the orthologous genes provide potential substitu­
tions to improve properties such as thermostabilization. 
On the other hand, paralogs (proteins diverged from a 
common ancestor, but evolved to new function) are use­
ful for identifying the residues responsible for functional 
variation among proteins and can give clues for the evo­
lution of new functions. 

Incorporation of substitutions from homologs is the 
underlymg premise of DNA shuffling experiments. In ad­
dition, specific substitutions can be incorporated into a 
gene using synthetic oligonucleotides that code for the 
changes identified from an alignment [39, 40]. Tiepresent­
ing diversity from more parental genes can overcome evo­
lutionary plateaus reached after a few rounds of DNA 
shuffling [41]. and analysis of successful variants will of­
ten lead to the discovery that substitutions could have 
been predicted from sequence analyses [42, 43]. In the 
evolution of glyphosphate tolerance via the glyphosphate 
N-acetyltransferase enzyme, 11 rounds of DNA shuffling 
beginning with three parental genes improved the kca/Km 
of the enzyme for glyphosphate more than 9500-fold 
However, in intermediate rounds, plateaus in activity im­
provement were reached. To overcome these plateaus, 
synthetic oligonucleotides representing diversity from 
two additional homologs at 27 sites were added to in­
crease diversity in the 5th and 8th rounds. Although a 
very large number of colonies were screened (5000 per 
round), the strategy of adding synthetic diversity from ho­
mologs resulted in a smaller library size than shuffling of 
seven parental genes would have created [41]. 

The strict consensus approach utilizes a multiple se­
quence alignment of highly homologous enzymes to find 
and directly synthesize a variant with improved stability, 
although it is beneficial to analyze the effects of individ­
ual mutations so that the destabilizing ones can be re­
moved [44]. If a residue is present significantly more often 
in a sequence alignment, the consensus method holds 
that substitution of that residue into a protein of interest 
should lead to increased stability. In contrast, random mu­
tagenesis predominantly introduces neutral or destabiliz­
ing mutations [96]. Variations use phylogenetic distances 
to retrace the sequence of a thermostable common an­
cestor [45, 46]. The underlying concept is the same; posi­
tions are detected where a substitution to a residue pre­
dominating in homologs should confer greater stability. 
Using a phylogenetic analysis of 18 sequences, Watanabe 
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et al. [46] designed 12 variants of 3-isopropylmalate dehy­
drogenase that had a smgle amino acid substitution that 
came from the putative common ancestor of the phyloge­
netic tree. Of these 12 single mutants. 50% had increased 
thermostability compared with the already very ther­
mostable parental sequence. The best mutant had a 
threefold increase in half-life at 86°C and a nearly 4°C in­
crease in Tm compared with wild type. 

Structural overlays of homologs can also be informa­
tive in choosing mutations. Overlaying two or more relat­
ed proteins can point out areas of structure that are prob­
lematic for the adoption of new function. In one case, trun­
cation of a loop in phenylacetone monooxygenase based 
on a homology model from a related enzyme was shown 
to enhance both substrate acceptance (decreased selec­
tivity for natural substrate over others) and enantioselec­
tivity (a more than 100-fold increase in E value), when only 
three variants were created [47]. 

Structures of homologs can also be used to analyze 
substrate binding, even if all proteins of interest were not 
crystallized with the substrate. Once substrate binding 
residues are identified by this "evolutionary tracing". 
these can be chosen for randomization to create libraries 
towards new functions [48, 49] Functionally important 
residues can also be detected statistically, particularly to 
recognize proteins that are likely to be part of the same 
subfamily, and therefore have similar functions [50]. 

2.3 "Scouting" experiments 

Clues as to which residues are most important can also be 
gleaned from prior experimental data, or from small 
"scouting" experiments. For instance, sites identified by 
prior combinatorial experiments such as epPCR can be 
subjected to site-saturation mutagenesis, alone or in con­
cert, to find the optimum combination for the property of 
interest [19, 51-54]. This strategy was employed to 
change the substrate specificity of glutaryl acylase to­
ward adipyl compounds. One round of exploratory muta­
genesis followed by selection of a library of 10 000 colonies 
identified three residues that affected the ability of the en­
zyme to accept adipylated substrates. These three 
residues were subjected to site-saturation mutagenesis 
and selection. The best mutant identified by this strategy 
had a threefold increase in catalytic efficiency [52]. 

When epPCR, rather than randomization strategies 
are chosen. the optimal mutation load can be determined 
from small libraries with varying mutation load. Each li­
brary is assayed to determine the number of mutations 
that lead to the maximum rate of evolution of the proper­
ty of interest. Using this strategy, the thermal stability of 
Candida antarctica lipase B was increased 7 5-fold by 
screening a library of only 10 000 colonies [55]. 
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2.4 Combinations 

The above strategies have also been used in combination 
to narrow the residues of interest. The combination of se­
quence alignment and structural data has been used to 
evolve a D-hydantinoase with altered substrate specifici­
ty [56] and single mutants of penicillin G acylase with im­
proved thermostability [8]. In the latter case, structural 
data were used to narrow the field of possible mutations 
suggested by the consensus method. 

In a slightly different approach, the three-dimensional 
structure can be used to exclude potentially disrupting 
mutations collected by epPCR. In one example, the half­
life of denaturation of a lipase at 55°C was increased 300-
fold using known rules on compatibility of amino acid 
residues to eliminate unfavorable mutations [71. 

3 Further restrictions to limit library size 

After the identification of positions through one of the 
above methods, the decision of which amino acids to al­
low at each site and how many substitutions to allow si­
multaneously must be made. The simplest choice would 
be to allow each of the 20 amino acids at each site at once. 
However, in cases where multiple sites are to be changed, 
the library size quickly becomes unmanageable if all pos­
sibilities are allowed. To keep library sizes within a 
screenable range, only a few sites are changed at once, or 
a reduced number of amino acids are allowed at each po­
sition. 

Restricting the diversity allowed at chosen positions 
can be of interest particularly when the desired property 
of the amino acid is known (e.g., small amino acids to cre­
ate space in a binding pocket, large amino acids to nar­
row the binding pocket, hydrophobic contacts to bind a 
particular substrate) [57I. Even when the desired proper­
ty is unpredictable, a small library can be constructed us­
ing only representative amino acids of each type to iden­
tify which amino acid types are of interest for a given po­
sition [15, 58I. Libraries with reduced choice of amino 
acids at all of the sites of interest have a better probabili­
ty of detecting interactions between sites than partial li­
braries at a few sites with exhaustive codon usage. The 
process of designing oligonucleotides with specific 
codons at chosen sites has been automated [59]. The 
affinity of an anti-TNF-a antibody was increased from a 
starting K d value of 1 nM to the picomolar range (870-fold) 
using a procedure called "look-through mutagenesis" . 
Oligonucleotides encoding 9 of the 20 possible amino acid 
substitutions were used to create libraries in one, two, or 
three positions. Following selection, positive substitu­
tions were mapped and combined to yield the greatly im­
proved antibody [58]. 

Partial libraries, where only a few sites are changed at 
the same time can also reduce the sequence search 
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space. Although synergistic effects between sites, lead­
ing to path-dependent evolution, cannot be ruled out [60], 
many successful amino acid substitutions are nonobvious 
and would defy attempts at prediction. Thus, exhaustive­
ly mutating each site [20] or small combinations of sites 
[61] can be a powerful strategy. Additional improvements 
can be obtained by iterating this process [62] or by addi­
tional rounds of epPCR to include further improvements 
caused by distant mutations [20]. One such method, iter­
ative combinatorial active site mutagenesis (CASTing), 
was used to increase the enantioselectivity of the epoxide 
hydrolase from A. mger by screening partial libraries ran­
domized simultaneously in two to three positions near the 
active site. After screemng a small (non-exhaustive) sam­
ple of the library, beneficial mutations were locked and 
other sites randomized to further improve the protein. Fol­
lowing CASTing in nine total sites, the E value of the en­
zyme was increased from 4.6 to 115 with only 20 000 total 
clones subjected to screening [62]. 

The selected positions can also be changed in a step­
wise fashion by first evolving the protein of interest to­
wards one or more mtermediate substrates with chemical 
properties that are between the natural substrate and the 
desired one. Gradually changing the functionality of the 
molecule is particularly suited to evolution of proteins that 
bind a certain molecule (e.g. receptors). Chen and Zhao 
[63] evolved a variant of the human estrogen receptor that 
could bind corticosterone, by first evolvmg variants that 
could bind testosterone and progesterone, two hormones 
with small structural changes between the natural ligand 
estradiol and the desired ligand. In four rounds of muta­
genesis, a total of 106 variants were screened to shift the 
ligand selectivity 7000-fold. A similar approach was also 
recently reported with extends this concept to enzyme 
substrate specificity [64]. 

4 Computational approaches 

Computing power can be substituted for experimental 
effort and is used to design more efficient libraries. Com­
putational tools allow the prescreening of mutations to 
eliminate unfruitful ones, modeling of structure-function 
relationships, placement of residues into a protein scaf­
fold, and optimization of crossover points [65, 66]. 

4.1 In silica library design 

Various computational methodologies have been devel­
oped for the prescreening of potential mutations. Most of­
ten, the goal is to eliminate proteins that are unlikely to 
have desired properties, rather than to choose which vari­
ants are likely to be successful. In this way, the immense 
possibilities are narrowed down to a library size that can 
be handled experimentally. Algorithms have been de­
signed to evaluate the effect of the substitution on the 
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protein fold [141, to perform in silica site-saturation muta­
genesis [67] or alanine scannmg [68] to identify important 
residues. Funke et al. [68] used computation alanine scan­
ning, followed by experimental corroboration to identify 
functionally important residues in the lipase from Bacillus 
subtilis. Each of the 175 amino acid side chains, with the 
exception of the catalytic triad, that were resolved in the 
crystal structure were computationally mutated to ala­
nine individually, and the effect on the activity was com­
puted. The same residue identified as a hot spot by com­
putational scarming was identified in experimental muta­
genesis as having a large effect on the enantioselectivity 
of the reaction. 

Recombination of genes can often result m non-func­
tional proteins due to incompatibility of residues m the 
3-D structure of the chimeric protein. However, libraries 
with more folded members have a better chance of yield­
ing variants with the desired characteristics. Thus, the 
optimal placement of crossover points to preserve proper 
folding [36, 69], or algorithms aimed at identifying muta­
tions in the parents that alleviate problems in the recom­
bined library [70], or which identify pairs of interacting 
residues that must be preserved [71] can be used to de­
sign libraries with fewer nonfunctional variants due to 
misfolding. For instance, the FamClash algorithm uses a 
combination of crystal data and sequence alignments to 
predict the changes in volume and hydrophobicity for 
each of the pairs of amino acids in a theoretical chimera. 
Number of clashing interactions in that theoretical 
chimera is noted, and the crossover pomt moved along 
the proteins until all possible chimeras have been evalu­
ated. A plot of the number of predicted clashes versus the 
measured activity of the chimera for a library of dihydro­
folate reductases created by nonhomologous recombina­
tion shows that when the algorithm predicts many clash­
es, the specific act1v1ty 1s usually decreased. Algorithms 
such as Fam Clash can be used to predict which crossover 
points to avoid [361. 

4.2 Modeling of sequence-activity relationships 

Structure-activity relationships, widespread in the field of 
chemistry, are used to correlate the phys1cochemical or 
other properties of molecules to their biological function 
via mathematical modeling [72]. The analogy for proteins 
and peptides is the sequence-activity relationship, where 
the amino acid sequence is related to the desired out­
come. Data from sequences with known function or func­
tion level can be modeled to determine sequence-activity 
relationships for a given protein. From such models, toler­
ated and nontolerated substitutions can be evaluated, 
residues important for function can be identified, and op­
timum sequences predicted. In many cases, the number 
of input sequences required to develop the model 1s rather 
small. For example, from a dataset of 45 mutants of prolyl 
endopeptidase, Aita et al. [17] were able to predict the ac-

187 ----



Biotechnology 
Journal 

tivities of all possible combinations of a 14-mutant pro­
tein. 

The first models of sequence-activity relationships 
were restricted to small peptides because of the impossi­
bility of substituting 20 amino acids at every position in a 
full-size protein (since this exceeds the number of atoms 
in the universe) [73-75]. Simple statistical models also 
work for nucleic acid molecules, such as promoters, 
where only four substitutions at each position are possi­
ble [76]. Subsequent work by Fox [77] showed that the 
concept can be extended to the combinatorial evolution 
of full-sized proteins, particularly when a limited set of the 
total protem residues is altered. Machine-learning tech­
niques, trained on small sets of experimental data, can be 
used to predict important positions in proteins and to de­
sign new libraries aimed toward the optimization of pro­
tein properties [78- 80]. The advantage of machine-learn­
ing techniques is their ability to detect hidden patterns 
relating the input (sequence) and output (function) that 
can be used for predictive purposes. 

Another approach is to use the substrate "fingerprint" 
of a variant or set of variants to develop rules for substrate 
specificity. These rules can be used to develop variants 
with divergent substrate profiles [81, 82]. Using a homol­
ogy structure of y-humulene synthase, 16 active site 
residues were identified, four of which had a large impact 
on the product distribution produced by the enzyme. As­
suming that each residue was independent, an algorithm 
was developed that mapped product profile to the partic­
ular mutation, such that new specificities could be 
evolved by new combinations of mutations. Fewer than 
2500 mutants were screened to develop seven enzymes 
with seven different selectivities [82] . 

4.3 Active-site placement 

New enzymes can be created by the introduction of the 
proper active site into an existing scaffold. This can be 
done by computationally designing a binding shell plus 
catalytic residues in the correct orientation into a protein 
[83] or by grafting elements of one enzyme into another 
[84]. In both cases, activity can be further tuned by the in­
troduction of random point mutations. Although neither 
case resulted in a new enzyme with activity as high as a 
wiJd-type enzyme, both desig:ied enzymes were biologi­
cally active with rate accelerations of 105- 106 in the ex­
ample of computational redesign and 102 in the case of 
loop grafting. In both cases, only a handful of mutants 
were created. 

5 Future trends 

Untll recently, rational design or directed evolution has 
been predominantly used alone. Future research should 
aim to combine these proven techniques to gain even 
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qreater benefit. For example, a mutant, computationally 
stabilized by core redesign was explored via randomiza­
tion at the designed positions to find even better amino 
acid exchanges for these positions. Two variants were 
identified with even further increased stability, demon­
strating that the computational and combinatorial meth­
ods can be used complementarily to pinpoint residues 
[85]. 

Additionally, the evolution of properties 1s often treat­
ed as a 1-D problem, while in reality the optimization of 
one property often comes at the expense of another unless 
controls in the screening process are used to lock all oth­
er properties above a minimum value. Therefore, the 
optimal solution is often a higher dimensional one. For 
example, the link between stability and evolvability, has 
been established [86, 87]. Since mutations accumulated 
in the course of evolution of new function are often desta­
bilizing, it is worth the time investment to first create vari­
ants of the wild-type protein with enhanced stability and 
then to evolve for change of function. Additionally, it has 
been shown that extremely high mutation rates in epPCR 
experiments can lead to the emergence of new function 
[55, 88]. These libraries show a higher success rate when 
the starting protein has sufficient stability. 

Fmally, one area of future development should be the 
creation of more user-friendly tools for the mining of in­
formation from various databases. Tool development 
should keep in mind the needs of the wide variety of re­
searchers working in the field from evolutionary biologists 
and protein engineers, to chemists, and computer scien­
tists. Tools that are understandable and useable by such 
disparate groups would make an important contribution 
to future growth in the field. 

1n summary, data-driven protein engineering limits li­
brary size and screening effort, whlle still creating pro­
teins with improved properties. Methods to detect which 
residues are important in a given template include struc­
ture, homology, experimental evidence, and computa­
tional algorithms. After identification, important residues 
can be mutated according to various schemes. The over­
all goal is to use available information to perform smarter 
protein engineering. 
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