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Enzymes are potent catalysts with high specificity and selectivity. To leverage nature’s synthetic potential for
industrial applications, various protein engineering techniques have emerged which allow to tailor the catalytic,
biophysical, and molecular recognition properties of enzymes. However, the many possible ways a protein can be
altered forces researchers to carefully balance between the exhaustiveness of an enzyme screening campaign and
the required resources. Consequently, the optimal engineering strategy is often defined on a case-by-case basis.
Strikingly, while predicting mutations that lead to an improved target function is challenging, here we show that
the prediction and exclusion of deleterious mutations is a much more straightforward task as analyzed for an
engineered carbonic acid anhydrase, a transaminase, a squalene-hopene cyclase and a Kemp eliminase.
Combining such a pre-selection of allowed residues with advanced gene synthesis methods opens a path toward
an efficient and generalizable library construction approach for protein engineering. To give researchers easy
access to this methodology, we provide the website LibGENIE containing the bioinformatic tools for the library

design workflow.

1. Introduction

Enzymes are remarkable catalysts capable of facilitating complex
reactions with high substrate specificity and exquisite chemo-, regio-
and enantioselectivity [1,2]. However, when used in conditions neces-
sary to drive a process at an industrial scale, the performance of
wild-type enzymes often remains insufficient from an economic stand-
point. Thus, to better harness the capabilities of nature’s catalysts in
industrial settings, much focus has been placed on advancing protein
engineering strategies to proficiently tailor enzymes’ catalytic, bio-
physical, and molecular recognition properties [3,4]. In this way,
enzyme engineering has allowed to broaden the substrate scope of
natural enzymes [5], change their chemistry [6], improve catalytic ac-
tivity [7-91, or alter enantioselectivity [10,11]. Yet, despite their suc-
cessful outcome, these protein engineering examples did not explore all
possible amino acid configurations of the target enzymes, and conse-
quently, the solutions found in evolution campaigns might be far from
optimal. However, since the number of possible enzyme variants scales
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exponentially with protein sequence length, the screening burden
imposed on researchers quickly becomes intractable when attempting to
explore enzyme composition comprehensively. For illustration, a pro-
tein composed of only 100 amino acids can be altered in 20'%° ways, an
astronomical number far exceeding even the estimated number of atoms
in the universe [12]. Faced with this challenge, also called "the numbers
problem in directed evolution" [13], protein engineers aim to navigate
sequence space as efficiently as possible and constantly seek to develop
novel methods to optimize the process. Existing approaches can broadly
be classified into the categories of 1) directed evolution, 2)
semi-rational, and 3) rational protein design (Fig. 1) and are often
employed in accordance with the available screening capabilities and
prior information about the enzymatic system [14].

Traditional directed evolution, which relies on gene recombination
or whole-gene error-prone PCR to create diversity, is often associated
with a heavy screening burden as many of the introduced mutations in
the libraries are either neutral or unfavorable [15]. Positively, however,
directed evolution does not require any prior knowledge about enzyme
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function or structure to be effective. In contrast, rational enzyme design
[16] aims to limit enzymatic screening efforts to only a few distinct
amino acid substitutions [17]. The approach relies on an intimate
knowledge of a protein’s function and/or structure and, as such, requires
high predictive accuracy, which can be obtained — at least in part —
through the interpretation of experimental data. Although bioinformatic
tools such as AlphaFold 2 [18] have facilitated the access to high quality
protein models, rational modulation of crucial residues often requires
far more fine-grained information on receptor-ligand interaction net-
works and dynamics. Additionally, significant in-silico efforts might be
required to resolve uncertainty around specific mechanisms and illu-
minate required factors between interaction partners to drive a desired
reaction [19]. Even with the advanced bioinformatic methods available
today, it can be challenging to rationalize which sites, specific residues,
or combinations should be selected when optimizing a protein for a
certain task.

Lastly, semi-rational protein engineering fuses elements of rational
design and directed evolution to create more focused enzyme libraries of
higher quality [4,20]. This combination leads to a more efficient sam-
pling of the sequence space, resulting in a lower screening burden than
completely random approaches [21,22] while allowing more leniency
for computational limitations and inaccuracies. For example, re-
searchers can investigate the 3D structure of an enzyme to identify the
catalytic pocket and focus their engineering efforts only on this region
which is likely to react more directly to amino acid exchanges. In this
way, sequence space can be reduced while beneficial mutations can be
largely sampled, as many of them are typically situated in the active site
[23,24]. In practice, researchers often aggregate information from
sources such as the target enzyme’s 3D structure, function, previous
knowledge (for example, mutational data), phylogeny, docking, or
machine learning to preselect potential hotspots [16,20]. Based on this
information, focused libraries ranging in size from ~200-2000 enzyme
variants are constructed. Such screening efforts are within the scope of
what GC or HPLC systems can handle within a reasonable timeframe
[25]. It should be noted, though, that semi-rational enzyme design also
suffers from the "numbers problem in directed evolution", and in many
cases, only a small fraction of the targeted variants can be analyzed
experimentally. In addition, experimental throughput is hampered by
limitations in the physical construction of complex gene libraries.

Using standard molecular biology strategies, the creation of large,
randomized libraries through methods such as error-prone PCR or the
construction of a few specific variants through site-directed mutagenesis
is easily possible. However, building large libraries made up of
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predefined enzyme variants often remains expensive and challenging.
One exciting prospect to address the existing library construction bot-
tlenecks is the use of micro-array-based "oligo-pools". These pools are
mixes of up to several hundred thousand individually designed poly-
nucleotides with < 300 bp length, synthesized through phosphor-
amidite chemistry [26]. Notably, array-based oligo synthesis is orders of
magnitude cheaper than traditional column-based synthesis routes, with
costs ranging from US$ 0.00001-0.001 per nucleotide, depending on
length, scale, platform, or vendor [27]. Considering a typical library size
for semi-rational enzyme design (< 2000 variants) and a protein of
approximately 300 amino acid length, oligo pools for focused libraries
can consequently be ordered for roughly 2000 US$ [28], leading to
material costs of approximately 1 US$ per variant. Consequently,
despite issues like truncated DNA molecules and high error rates [29],
the oligo-pool option could be more cost-effective than degenerate or
reduced codon coverage primers traditionally employed for library
construction strategies while allowing for much more flexibility in li-
brary design.

Relevant enzymatic properties to be optimized for industrial appli-
cations include activity, thermo- and solvent stability, selectivity, and
specificity [30]. As delineated above, reliably selecting appropriate
amino acid residues for randomization to improve any of these traits is a
challenging aspect of semi-rational enzyme design. Guiding principles
might be to select residues near the binding pocket to engineer enan-
tioselectivity [11] or substitute specific residues to redesign unstable
protein regions to improve thermostability [31]. Especially the latter,
namely the modulation of protein stability through the introduction of
mutations, is a widely pursued goal, and different computational pro-
cedures have been established to this end, including the use of sophis-
ticated physical force fields, deep learning, and hybrid approaches
[32-38].

Intriguingly, computational techniques can be helpful in ways that
might not be immediately obvious. For example, we followed the logic
that it seems much easier to predict destabilizing mutations than amino
acid changes that stabilize a protein scaffold [38]. We consequently
reasoned that methods developed to predict enzyme sequences with
improved stability might be used in a much broader sense if they were
uniquely used to identify destabilizing mutations. Through the exclusion
of such destabilizing mutations, the design of solution-enriched enzyme
libraries for the optimization of enzyme activity or any other desirable
traits would be made possible. The resulting complex libraries could
then, in turn, effectively be built using specifically designed oligo-pools.

The ease of access to a new methodology plays a major role in its

Rational Design

V) W
7N

<

X

> V

%\

Fig. 1. Overview of protein engineering techniques. The different categories are sorted by their required screening effort from left (highest) to right (lowest). In
traditional directed evolution, the sequence space (red box) is commonly explored randomly, with little additional information required. Rational design can be
viewed as a complementary approach. Information about the system, which can include experimental data, knowledge of the mechanism, as well as computational
techniques, is used to reduce the sequence space as much as possible, and areas within it are sampled selectively. Semi-rational design also relies on additional
information to reduce the screening space; however, experiments and physical evaluation are still required. Notably, the boundaries between these techniques are
often fluid, and the optimal engineering method depends on many factors, such as the complexity of the functional assay, available screening capabilities, or previous

knowledge of the enzyme. Image inspired by Bornscheuer et al. [14].
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adoption [10]. Popular protein engineering tools such as PROSS [38,
39], HotSpot Wizard [40] as well as FuncLib [41] and htFunclib [42]
play a significant role in bridging the gap between computational and
biological skills, allowing for faster and more efficient evolution cam-
paigns [43]. The enumerated web servers help researchers design more
stable enzymes, identify mutational hot spots, or develop specific
multiple-point mutants in active sites to improve activity, respectively.
Complementing these tools, we introduce LibGENiE, a web platform to
pre-filter sequences with the aim to provide researchers with a list of
deleterious mutations to exclude from enzyme libraries. Following the
filtering step, which can be supplemented with additional information
from other protein engineering webservers, LibGENIE can be used to
design oligo-pools to construct the complex libraries. These
information-enriched libraries will be particularly helpful in evolution
campaigns that can accommodate the throughput of hundreds to thou-
sands of variants per round.

2. Results
2.1. Predicting (and excluding) destabilizing mutations

To set the basis for our approach, we analyzed available literature
data of successful evolution campaigns, including data generated during
the optimization of a carbonic anhydrase [8], a transaminase [44], a
squalene-hopene cyclase [45] and a Kemp eliminase [7]. In a first step,
we calculated the AAG values, a measure of free energy changes upon
mutation [34], for all possible amino acid substitutions at all sites in the
selected wild-type enzymes using a cartesian AAG protocol imple-
mented in the Rosetta Protein Modelling Suite [46]. For example, in the
case of an enzyme consisting of 300 amino acids, all possible 20 * 300
AAG values were calculated. These AAG values can help approximate
how mutations affect protein stability by comparing the free energy of
the native and altered conformation of a protein. Negative values typi-
cally refer to a stabilizing mutation, while strongly positive values
denote destabilizing mutations.
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Following this protein-wide stability profiling, we analyzed in which
range the AAG values of the experimentally determined beneficial
mutations of the selected enzymes were located: For example, we
studied data generated by Codexis, a US-based company specialized in
protein engineering, which evolved a carbonic anhydrase towards
improved activity at higher temperatures. To do so, the researchers
saturated all non-catalytic residues in a first evolution round [8], iden-
tifying 84 unique carbonic anhydrase variants that performed better
than the wild-type under their screening conditions. Our AAG analysis
indicated that most of the mutations observed in improved variants were
within the lowest (stabilizing) 60% of predicted AAG values hinting that
a large part of the screening space could have been excluded a priori
(Fig. 2b). Interestingly, we noted that while we could identify destabi-
lizing mutations, the predicted AAG values became much less infor-
mative beyond a certain exclusion threshold. In general, it is estimated
that 0.01 — 1% of all mutations are beneficial [47]. In the AAG range
where most of these improved enzyme variants were found (—7.5 to 4.7
Rosetta energy units (REU), Fig. 2a), the measured fold improvement
over wild-type did not show a correlation to the calculated AAG values
(Pearson correlation coefficient 0.006, Fig. 2a).

To test the general applicability of this finding with examples from
distinct enzyme families beyond enzyme class 4 (carbonic anhydrase),
we turned to analyze the evolutionary trajectories of enzymes stemming
from enzyme class 2 (transaminase), enzyme class 5 (squalene hopene
cyclase) as well as a computationally designed enzyme (Kemp elimi-
nase) based on a scaffold from enzyme class 3 (xylanase). The trans-
aminase ATA-217, engineered towards synthesizing a chiral precursor of
sacubitril, an active ingredient in the blockbuster drug Entresto,
harbored 26 mutations in the final variant [44] whereas four mutations
allowed the squalene hopene cyclase AciSHC to gain
enantio-complementary access to valuable monocyclic terpenoids [45].
Kemp eliminase HG3, a computationally designed enzyme capable of
catalyzing a proton abstraction reaction from 5-nitrobenzisoxazole, was
optimized in 17 rounds of directed evolution to yield a variant with 17
mutations whose catalytic activity rivals that of natural enzymes (kcat =
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Fig. 2. a.) Density plot of predicted AAG values (lower values correspond to higher predicted stability) of a carbonic anhydrase [8]. The blue density curve depicts
the AAG values of all possible single-point mutants, and the orange plot represents the AAG distribution of the 84 beneficial single-point variants identified in the
first round of carbonic anhydrase evolution. The AAG range in which hits were identified is highlighted in orange. Additionally, the Pearson correlation coefficient
between the activity of identified hits and predicted AAG is shown. b.) Line chart of the same dataset as in a.). The x-axis refers to the sequence space when reducing
it only through predicted AAG values. For example, if we remove the variants with the highest 10% of predicted AAG values (most destabilizing), 90% of the
sequence space remains. The y-axis represents how many of the 84 reported hits can be found in a given remaining sequence space. For example, none of the 84
reported hits are within the sequence space characterized by the highest 10% predicted AAG values. This analysis is shown for the 20, 30, 40, 50, and 84
best-measured hits (out of 84). As a comparison, the gray dashed line highlights the impact of reducing the sequence space randomly.
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In all investigated evolution projects, we observed the general trend
that destabilizing mutations were not incorporated in evolved enzyme
variants. Notably, when comparing amino acid mutations predicted to
be destabilizing as single point mutations in the wild-type enzymes to
any reported beneficial single point mutation within the evolution
campaigns (Fig. S1/52), we deduced that almost all the strongly desta-
bilizing mutations could be excluded confidently at the outset of the
enzyme optimization projects (Table 1, Table S1, Fig. S1, Fig. S2).
Concretely, from our datasets, we observe that 30-50% of mutations
have a strongly destabilizing effect, which is in good agreement with
previous reports [47-52]. This sequence space can be thus cut confi-
dently from the outset of library design. Interestingly, in the case of
evolved AciSHC, we observed a single outlier: Mutation A169P was
flagged as destabilizing (21.5 REU) yet still appeared in the optimized
squalene-hopene cyclase variant. Potentially, the destabilizing mutation
was incorporated because AciSHC is a thermophilic enzyme whose
scaffold would generally allow for more leeway toward introducing
destabilizing mutations.

Conclusively, the relationship between activity and stability is often
complex, with reports of both negative [53-56] and positive correlations
[57,58] between stability and function attesting to the fact that different
enzymatic systems behave differently to mutations. Strikingly, as high-
lighted in this work, employing the opposite approach for the con-
struction of information-enriched libraries seems much more reliable:
Strongly destabilizing mutations are often accompanied by a loss in
function (Table 1, Fig. 2), consequently enabling their early exclusion
from the sequence pool.

2.2. Oligo pools for library creation

Promisingly, as seen above, reducing the amino acid alphabet in gene
library preparation can be facilitated through computational tech-
niques. Yet, it is equally important to have in mind that such a process
might lead to libraries that are too diversified to be easily and
economically constructed. In this respect, it is important to consider the
redundant nature of the genetic code in which the 20 natural amino
acids are encoded by 61 sense codons. In consequence, researchers have
tried to avoid using the heavily redundant NNN codon in library con-
struction which additionally suffers from the occurrence of stop codons
(N standing for any of the four DNA bases). Instead, they have turned to
using primers harboring degenerate codons such as NNK (32 codons, 20
amino acids), NDT (12 codons, 12 amino acids) or using the 22c (22
codons, 20 amino acids), and 20c (20 codons, 20 amino acids) tricks [13,
59,60].

Unfortunately, the current strategies using degenerate codons are
not suitable to build the information-enriched libraries stemming from
our computational workflow, in which each targeted mutation site
would demand the inclusion of only certain amino acids (Fig. S3). Thus,
we set out to evaluate the feasibility of using micro-array-synthesized
oligonucleotides, commercially available under the term "oligo-pools",

Table 1
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for constructing the complex libraries derived from our stability filtering
strategy (Fig. 3a, Fig. S3).

In particular, we opted to focus our attention on single-point residue
exchanges. As there are limitations to the synthesis length of oligo-pools
[29], desired mutations must be split across multiple fragments or
"sub-pools" (Fig. 3a), which can be separated from the main pool with
sub-pool specific primers. These sub-pools consist of individual oligo-
nucleotides, each carrying a single mutation, which can be introduced
into the gene of interest through traditional molecular biology tech-
niques, such as gene splicing by overlap extension PCR (SOEing) [61].

To evaluate the suitability of the oligo-pools for the construction of
tailored enzyme variant libraries, we ordered a pool of 200 oligo se-
quences encoding the initial 157 bases of the Kemp eliminase HG3 [7].
To create diversity for sequence analysis, three consecutive adenine
nucleotides were introduced within four spatially distinct regions of the
157 bp gene fragment (sequence A: bp 30 — 32; sequence B: bp 62 — 64;
sequence C: bp 93 - 94; sequence D: bp 124-126) and each such
sequence was ordered in the pool fifty times. Following fragment
amplification and cloning, we noted relatively high rates (~50%) of
undesirable sequences, split between either wild-type sequences or
multiple-point mutants (Fig. 3b). This high fraction of incorrect se-
quences was not wholly unexpected and correlates to the range reported
in previous projects that leverage oligo pools for single-point mutation
library creation [62-64].

Oligo pools suffer from the low concentration of individual oligo-
nucleotides [29] making an initial amplification step indispensable
[65]. In fact, depending on the number of projects combined within one
oligo pool, it might be required to perform this amplification twice: once
to isolate the sub-pools [66] and then again to separate the individual
fragments. We suspected that these PCR amplification steps introduce
additional errors into the oligo-pool libraries through uncoupling events
that lead to truncated PCR products. These truncated gene products can
serve as primers during the next PCR cycle [67,68], either picking-up
additional mutations (leading to multiple-point variants) or over-
writing desired mutations altogether (resulting in wild-type). As the
prevalence of PCR abortions is affected by multiple factors, such as the
concentration of nucleotides, the number of PCR cycles, and the poly-
merase used for amplification [69], we opted to optimize the amplifi-
cation procedure.

To do so, we investigated ways how to improve the overall sampling
efficiency of oligo-libraries by testing different polymerases (Q5, Phu-
sion, and KAPA polymerase), dNTP concentrations, and varying
amounts of PCR cycles (15, 30, and 45) for their impact on the formation
of undesired gene fragments. Using the same oligo-pool analysis set-up
as described previously, it became clear that neither the dNTP concen-
tration nor the number of PCR cycles significantly impacted the number
of corrupted sequences (Fig. S4). However, the choice of polymerase
showed an influence on gene fragment integrity (Fig. 3b): While Q5 and
Phusion polymerase led to 47.5 — 60% correct fractions, KAPA poly-
merase was found to be most suited for oligo-pool amplification (> 60%
correct fragments). The remaining undesirable sequences were split

Overview of how AAG values of single mutations found in the final improved variants of the selected evolution campaigns are distributed within the context of all
possible calculated AAG values for the wild-type enzymes. In this analysis, the most destabilizing mutations in the context of the wild-type enzyme are gradually
removed (in 10% steps), reducing the theoretical sequence space from left to right. The remaining sequence space is analyzed with respect to its harboring the amino
acid substitutions found in evolved enzyme variants and the value is given in percent (%). For example, in the case of HG3 evolution, a focused library in which the 40%
most destabilizing mutations are removed from sequence space would still contain all the 17 beneficial mutations identified in the final variant.

Sequence space (%)

Dataset # Mut 100 90 80
ATA217 26 100 100 96.2
HG3.17 17 100 100 100
DvCA 36 100 100 100
AciSHC 4 100 75 75

average 100 93.8 92.8

70 60 50 40 30 20 10
92.3 88.5 73.1 73.1 61.5 53.8 42.3
100 100 82.4 52.9 52.9 47.1 41.2
97.2 91.7 77.8 61.1 44.4 38.9 13.9
75 75 75 75 50 50 50
91.1 88.8 77.1 65.5 52.2 47.4 36.8
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Fig. 3. a.) As oligonucleotides ordered within oligo-pools are limited to < 300 bp in length, the target gene must be split into smaller fragments below this size. These
mutations can then be introduced into the desired gene through standard molecular biology techniques such as SOEing [61]. b.) Fraction of correct sequences in the
amplified oligo-pool. The experiments were conducted with varying amounts of PCR cycles (15, 30 and 45), as well as different polymerases (Q5, Phusion, KAPA).
The error bars denote the average and error of experiments that vary in their ANTP concentration. c.) Overview of library quality resulting from fragment ampli-
fication with KAPA polymerase using 30 amplification cycles. Sequencing highlighted that 63.6% of variants were produced correctly (one desired mutation — green),
while 28.3% wildtype sequences (blue) and 8.1% sequences that contain two or more mutations were observed (red).

between wild-type (28.3%) and primarily double-point mutants (8.1%)
(Fig. 3c). In summary, we advise that these rates should be considered
when designing the sampling strategy of directed evolution studies.

3. LibGENIiE: a webserver for smart library creation

To facilitate the design of solution-enriched gene libraries and their
subsequent construction with the oligo-pool technique, we set up a web
server named LibGENiE (available at www.libgenie.ch).

LibGENIE provides data sets compiling common protein properties
relied upon in rational design, including phylogenetic conservation
(extracted from a multi-sequence alignment generated from three
rounds of PSI-BLAST with default settings [70]), stability (predicted
from protein free energy changes upon point mutations, ACDC-NN
[711), and flexibility (generated from MEDUSA [72]).

These tools were chosen based on open access (e.g., license situation)
and computational demands. For example, Rosetta, a highly accurate
and widely used modeling tool (Table S1), can only be freely accessed by
academic users and government laboratories. Additionally, the compu-
tational resources required to perform stability predictions with Rosetta
for all possible single-point mutations in a target protein can be pro-
hibitive for a free-of-charge webserver. With these limitations in mind,
we designed the webserver LibGENIE with the intention of giving the

broadest possible access to the filtering and oligo design methodology.
Complementary information, such as AAG calculations by other
methods (for a comparison of available methods please consult [73]),
knowledge about relevant amino acid sites, the location of the active
pocket, tunnels, or hot spots derived from alternative predictive tools (e.
g., HotSpot Wizard [40], Caver [74], PLIP [75], or FireProsASR [76])
can be valuably employed to further fine-tune the filtering step.

Following library design, LibGENIE allows to generate custom oli-
gonucleotides for library construction (Fig. 4), which can be designed
based on the preceding in-silico filtering. In addition, based on a selected
maximum gene length, LibGENIE splits the input sequence into even
sections and designs the required amplification primers.

Initializing LibGENIE only requires the user to provide a protein
sequence in the range of 80 — 600 residues. From this, a sequence
alignment for the input sequence is generated through three rounds of
iterative PSI-BLAST [70]. As detailed below, the multiple sequence
alignment then serves as the foundation for all further processing.

3.1. Thermodynamic stability

Quantifying the change in free energy between the wild-type protein
and a single point variant is mainly associated with expression or sta-
bility optimization; however, as delineated above, knowing which

LibGENIE Workflow -

[ User Sequence }{ ESM- 3D Structure ]

PSI-BLASTITER 1
PSI-BLASTITER 2
PSI-BLASTITER 3

I
I
: EMBL-EBI

LibGen(i)e

Filter &

-+ Stability-ACDC  }.

-{ Flexibility - Medusa }-

~—

Oligo
design

Fig. 4. Schematic overview of the LibGENiE landing page and workflow. Based on the user input sequence, three rounds of PSI-BLAST are performed through the
EMBL-EBI API [70]. The acquired multiple sequence alignment (MSA) information is then further processed to predict stability (ACDC-NN [71]), flexibility (MEDUSA
([72]), and conservation (MSA from PSI-BLAST). LibGENIE provides raw access to this data, which can be used to restrict the sequence space. In addition, LibGENiE

offers a tool for the design of oligo sequences.
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residues completely destabilize an enzyme provides a valuable input to
reduce sequence space of enzyme libraries dedicated to the optimization
of functions beyond these enzyme characteristics. To allow filtering of
sequence space, LibGENIE will initially attempt to predict the stability of
each possible single site variant from the corresponding protein
sequence employing the structure-based version of ACDC-NN, an anti-
symmetric neural network [71]. The structure required to run the al-
gorithm is modeled through the ESM-esmfold_ vl API [77]. If no 3D
structure of the protein of interest can be modeled, LibGENiE falls back
to sequence-only predictions through ACDC-NN Seq, a model that has
been described to favorably compare with other state-of-the-art
sequence-based prediction tools as well as some structure-based ones
[78].

Even though the Rosetta cartesian-AAG protocol outperforms ACDC-
NN on our benchmark datasets (Table S1 and S2), it is important to note
that inference on ACDC-NN is orders of magnitude faster and published
under a very permissive license allowing to give unrestricted access to a
broad user community. As delineated above, fine-tuning of the filtering
step with information obtained from complementary web servers can be
used to further reduce the size of the resulting information-enriched
libraries.

3.2. Evolutionary information

Using the MSA, the observed conservation percentages of all 20
amino acids at each position is calculated. This information might be
used to "restrict" the allowed sequence space or implement consensus/
frequency ratio-based engineering techniques. The intuition behind
restricting the allowed sequence space — which is to exclude residues
that are never observed in closely related wild-type enzymes — is that
deleterious mutations tend to be purged by natural selection [38].
Consensus or frequency ratio techniques introduce changes where the
wild-type residue diverges the most from the most common amino acid
(consensus) in the multiple sequence alignment. Such changes have
been observed to increase stability [79-84] and are explained in detail
by Damborsky et al. in their publication accompanying the release of
HotSpot Wizard 2.0 [85].

3.3. Structural flexibility

Introducing mutations to rigidify flexible positions can yield proteins
with improved stability [86]. This technique builds on the notion that
selective substitutions of mobile residues can introduce additional
interactions/contacts between neighbors [87,88], causing enhanced ri-
gidity, which in turn leads to higher thermostability [89]. A typical
experimental metric for protein flexibility is the B-factor, which reflects
the X-ray scattering caused by thermal motion [90]. However, as
B-factors are an experimental metric, and crystal structures are not
available for all proteins, computational tools have been developed to
predict them. In LibGENIE, we provide predictions of flexibility from
one such tool, MEDUSA [72], a deep-learning-based protein flexibility
model trained on experimentally determined B-factor values.

3.4. Oligo design

As outlined above, oligo pools are limited in length. To enable the
introduction of single point mutations at any desired position within a
target sequence, the gene must consequently be split into smaller sec-
tions. Based on the provided input DNA sequence, LibGENIE’s oligo
design tool divides the gene into fragments of desired length including
all targeted single-point mutations. In addition, the sequences of the
required amplification primers are designed.

4. Conclusion

Semi-rational protein engineering is an elegant compromise between
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directed evolution and rational design. It directly addresses the
screening bottleneck of classical directed evolution while circumventing
the need to have an absolute understanding of the sequence-function
relationship in enzymes (and, consequently, the required computa-
tional resources). To conduct semi-rational protein engineering, several
strategies to reduce sequence space have been developed and allowed
the construction of powerful enzymes for synthesis [16,21,60,91]. In
this spirit, we present how the prediction and removal of destabilizing
mutations in gene libraries is an effective way to reduce sequence space
resulting in information-enriched gene libraries for functional screening.

However, when reducing sequence space, practical “wet-lab"
experimental considerations also must be taken into account. Arbitrarily
complex libraries cannot be constructed economically in most cases.
Thus, improved DNA synthesis techniques will be essential to fuel the
demands of an age defined by ever-increasing automation and powerful
and accessible DNA sequencing instrumentation. In this vein, on-chip
solid-phase gene synthesis presents itself as a compelling asset to
semi-rational design as it allows to rapidly construct diverse and com-
plex gene libraries [92]. Using this technology, researchers can build
libraries tailored to their screening capabilities that can be scaled
dynamically, often with no additional molecular biology overhead.

To facilitate the adoption of mutational pre-filtering, for example
through the exclusion of destabilizing mutations, we introduce the
webserver LibGENIE for the construction of information-enriched gene
libraries. By providing data sets comprising selected common metrics
used for protein engineering, LibGENIE affords researchers with a
starting point for identifying hot spots and a way to restrict the sequence
space to match the bounds of their screening capabilities. LibGENiIE was
designed to be easily extendable with additional information, whether
from already available web servers for protein design such as PROSS
[38], HotSpot Wizard [40] and 3DM [93] or other computational tools.
In fact, unlike other platforms, LibGENIE provides information for all
possible single-point mutants in a user’s input sequence rather than
suggesting preselected variants or hot spots. By providing unprocessed
data, users of LibGENIE have more flexibility to introduce additional
custom information and to define the number of variants to be evalu-
ated, which can range from hundreds to thousands, depending on
screening capabilities.

5. Materials and methods
5.1. Data

The enzyme engineering datasets used for analysis were obtained
from published manuscripts [7,8,44,45]. The dataset of single mutations
in ATA217 [44] was generated by extracting the 26 mutations intro-
duced in the final variant compared to the wild-type sequence. The same
procedure was applied to obtain the HG3.17 dataset [7]. The 84 bene-
ficial mutations and their activity for the DvCA dataset were published
in the supplement information of [8]. The beneficial mutations for
AciSHC stem from publication [45]. Beneficial single-site mutations
refer to the highlighted beneficial variants obtained from a 14 single-site
saturation screen (Table S1).

5.2. Cartesian AAG protocol

AAG predictions were based on a protocol published by the official
Rosetta forums: https://www.rosettacommons.org/node/11126. Each
mutant was predicted three times, and the lowest energy obtained was
compared to the wild-type energies to calculate differences in free en-
ergy. The protocol has been adapted from the original publication [34].

5.3. Oligo design

A pool of 200 oligo sequences with a length of < 200 bp was ordered
from Twist Bioscience. The sequence used were the first 157 bases of the
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Kemp eliminase HG3 [7]:

TGGCAGAAGCAGCACA-
GAGCGTTGACCAGCTGATTAAAGCACGTGGTAAAGTT-
TATTTTGGTGTTGCCACCGATCA-
GAATCGTCTGACCACCGGTAAAAATGCAGCAATTATTCAGGCA-
GATTTTGGTATGGTTTGGCCTGAAAATAGCATGAAAT.

Four distinct spatial regions along the 157 bp fragments were
changed to three consecutive adenines to create diversity for analysis.
Each sequence was ordered 50 times in the pool.

SeqA index: 30, 31, 32; SeqB index: 62, 63, 64; SeqC index: 93, 94,
95; SeqD index: 124, 125, 126.

The full sequences are listed in the supplementary information.

5.4. Oligo pool amplification

The oligo pools were amplified according to the protocol provided by
Twist Bioscience [65]. For optimization purposes, the final ANTP con-
centrations (0.3 mM each dNTP or 0.6 mM each dNTP), DNA polymer-
ase (KAPA HiFi HotStart DNA Polymerase (Roche KK2601), Q5
High-Fidelity DNA Polymerase (NEB #MO0493), and Phusion
High-Fidelity DNA Polymerase (NEB #MO0530S) and the number of
amplification cycles (15, 30, 40) were changed.

5.5. Amplified pool sequencing

After PCR amplification, the PCR pools were prepared, sequenced,
and analyzed using Nanopore sequencing according to the protocol
outlined in [94]. Correct sequences in which the expected nucleotide
changes were detected were annotated as “1 mutation” (Fig. 3c). Se-
quences harboring no or multiple mutations were classified as wild-type
or multiple-point variants, respectively.

CRediT authorship contribution statement

David Patsch: Methodology, Data collection, Software imple-
mentation, Formal analysis, writing, Conceptualization. Michael
Eichenberger: Conceptualization, Methodology. Moritz Voss:
Conceptualization, Writing - original draft. Uwe Bornscheuer:
Conceptualization, writing, Writing - review & editing. Rebecca Buller:
Conceptualization, Methodology, writing, Supervision, Funding acqui-
sition, Project administration, Writing - original draft, Writing - review
& editing.

Declaration of Competing Interest

The authors declare the following financial interests/personal re-
lationships which may be considered as potential competing interests.
Rebecca Buller reports financial support was provided by Swiss National
Science Foundation.

Acknowledgement
This work was created as part of NCCR Catalysis, a National Centre of

Competence in Research funded by the Swiss National Science Foun-
dation (Grant number 180544).

Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.csbj.2023.09.013.

References

[1] Schmid A, Dordick JS, Hauer B, Kiener A, Wubbolts M, Witholt B. Industrial
biocatalysis today and tomorrow. Nature 2001;409:258-68. https://doi.org/
10.1038/35051736.

4494

[2]

[3]

[4]

[5]

(6]

[7

—

[8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

Computational and Structural Biotechnology Journal 21 (2023) 4488-4496

Bornscheuer UT, Huisman GW, Kazlauskas RJ, Lutz S, Moore JC, Robins K.
Engineering the third wave of biocatalysis. Nature 2012;485:185-94. https://doi.
org/10.1038/naturel1117.

Lutz S. Beyond directed evolution-semi-rational protein engineering and design.
Curr Opin Biotechnol 2010;21:734-43. https://doi.org/10.1016/j.
copbio.2010.08.011.

Reetz MT. A method for rapid directed evolution. In: Lutz S, Bornscheuer UT,
editors. Protein engineering handbook. Wiley; 2008. p. 409-39. https://doi.org/
10.1002/9783527634026.ch16.

Biichler J, Malca SH, Patsch D, Voss M, Turner NJ, Bornscheuer UT, et al.
Algorithm-aided engineering of aliphatic halogenase WelO5* for the asymmetric
late-stage functionalization of soraphens. Nat Commun 2022;13:371. https://doi.
org/10.1038/541467-022-27999-1.

Meyer F, Frey R, Ligibel M, Sager E, Schroer K, Snajdrova R, et al. Modulating
chemoselectivity in a Fe(II)/a-ketoglutarate-dependent dioxygenase for the
oxidative modification of a nonproteinogenic amino acid. ACS Catal 2021;11:
6261-9. https://doi.org/10.1021/acscatal.1c00678.

Blomberg R, Kries H, Pinkas DM, Mittl PRE, Griitter MG, Privett HK, et al. Precision
is essential for efficient catalysis in an evolved Kemp eliminase. Nature 2013;503:
418-21. https://doi.org/10.1038/nature12623.

Alvizo O, Nguyen LJ, Savile CK, Bresson JA, Lakhapatri SL, Solis EOP, et al.
Directed evolution of an ultrastable carbonic anhydrase for highly efficient carbon
capture from flue gas. Proc Natl Acad Sci USA 2014;111:16436-41. https://doi.
org/10.1073/pnas.1411461111.

Fox RJ, Davis SC, Mundorff EC, Newman LM, Gavrilovic V, Ma SK, et al. Improving
catalytic function by ProSAR-driven enzyme evolution. Nat Biotechnol 2007;25:
338-44. https://doi.org/10.1038/nbt1286.

Cadet F, Fontaine N, Li G, Sanchis J, Ng Fuk Chong M, Pandjaitan R, et al.

A machine learning approach for reliable prediction of amino acid interactions and
its application in the directed evolution of enantioselective enzymes. Sci Rep 2018;
8:16757. https://doi.org/10.1038/s41598-018-35033-y.

Reetz MT, Wang LW, Bocola M. Directed evolution of enantioselective enzymes:
Iterative cycles of CASTing for probing protein-sequence space. Angew Chem Int
Ed 2006;45:1236-41. https://doi.org/10.1002/anie.200502746.

Turner NJ. Directed evolution drives the next generation of biocatalysts. Nat Chem
Biol 2009;5:567-73. https://doi.org/10.1038/nchembio.203.

Reetz MT, Kahakeaw D, Lohmer R. Addressing the numbers problem in directed
evolution. ChemBioChem 2008;9:1797-804. https://doi.org/10.1002/
¢cbic.200800298.

Balke K, Beier A, Bornscheuer UT. Hot spots for the protein engineering of Baeyer-
Villiger monooxygenases. Biotechnol Adv 2018;36:247-63. https://doi.org/
10.1016/j.biotechadv.2017.11.007.

Bloom JD, Labthavikul ST, Otey CR, Arnold FH. Protein stability promotes
evolvability. Proc Natl Acad Sci USA 2006;103:5869-74. https://doi.org/10.1073/
pnas.0510098103.

Reetz M. Making enzymes suitable for organic chemistry by rational protein
design. ChemBioChem 2022;23:€202200049. https://doi.org/10.1002/
cbic.202200049.

Kazlauskas R, Bornscheuer U. Finding better protein engineering strategies. Nat
Chem Biol 2009;5:526-9. https://doi.org/10.1038/nchembio0809-526.

Jumper J, Evans R, Pritzel A, Green T, Figurnov M, Ronneberger O, et al. Highly
accurate protein structure prediction with AlphaFold. Nature 2021;596:583-9.
https://doi.org/10.1038/5s41586-021-03819-2.

Mehmood R, Vennelakanti V, Kulik HJ. Revealing substrate positioning dynamics
in non-heme Fe(II)/aKG-dependent halogenases through spectroscopically guided
simulation. ChemRxiv 2021. https://doi.org/10.26434/chemrxiv-2021-m7dh3.
Porebski B.T., Buckle A.M. Consensus protein design. Protein Eng Des Sel;29:
245-251. (https://doi.org/10.1093/protein/gzw015).

Reetz MT. Laboratory evolution of stereoselective enzymes: a prolific source of
catalysts for asymmetric reactions. Angew Chem Int Ed Engl 2011;50:138-74.
https://doi.org/10.1002/anie.201000826.

Reetz MT. Biocatalysis in organic chemistry and biotechnology: past, present, and
future. J Am Chem Soc 2013;135:12480-96. https://doi.org/10.1021/ja405051f.
Park S, Morley KL, Horsman GP, Holmquist M, Hult K, Kazlauskas RJ. Focusing
mutations into the P. fluorescens esterase binding site increases enantioselectivity
more effectively than distant mutations. Chem Biol 2005;12:45-54. https://doi.
org/10.1016/j.chembiol.2004.10.012.

Morley K, Kazlauskas R. Improving enzyme properties: when are closer mutations
better? Trends Biotechnol 2005;23:231-7. https://doi.org/10.1016/j.
tibtech.2005.03.005.

Li D, Wu Q, Reetz MT. Focused rational iterative site-specific mutagenesis (FRISM).
Meth Enzym 2020;643:225-42. https://doi.org/10.1016/bs.mie.2020.04.055.
Beaucage SL, Caruthers MH. Deoxynucleoside phosphoramidites—a new class of
key intermediates for deoxypolynucleotide synthesis. Tetrahedron Lett 1981;22
(20):1859-62. https://doi.org/10.1016/50040-4039(01)90461-7.

Kosuri S, Church GM. Large-scale de novo DNA synthesis: technologies and
applications. Nat Methods 2014;11:499-507. https://doi.org/10.1038/
nmeth.2918.

Oligo pool pricing — Twist Biosciences. (https://ecommerce.twistdna.com/app
/oligo) (accessed September 12, 2023).

Kuiper BP, Prins RC, Billerbeck S. Oligo pools as an affordable source of synthetic
DNA for cost-effective library construction in protein- and metabolic pathway
engineering. ChemBioChem 2022;23(7):€202100507. https://doi.org/10.1002/
¢bic.202100507.

Victorino da Silva Amatto I, Gonsales da Rosa-Garzon N, Antonio de Oliveira
Simoes F, Santiago F, Pereira da Silva Leite N, Raspante Martins J, et al. Enzyme


https://doi.org/10.1016/j.csbj.2023.09.013
https://doi.org/10.1038/35051736
https://doi.org/10.1038/35051736
https://doi.org/10.1038/nature11117
https://doi.org/10.1038/nature11117
https://doi.org/10.1016/j.copbio.2010.08.011
https://doi.org/10.1016/j.copbio.2010.08.011
https://doi.org/10.1002/9783527634026.ch16
https://doi.org/10.1002/9783527634026.ch16
https://doi.org/10.1038/s41467-022-27999-1
https://doi.org/10.1038/s41467-022-27999-1
https://doi.org/10.1021/acscatal.1c00678
https://doi.org/10.1038/nature12623
https://doi.org/10.1073/pnas.1411461111
https://doi.org/10.1073/pnas.1411461111
https://doi.org/10.1038/nbt1286
https://doi.org/10.1038/s41598-018-35033-y
https://doi.org/10.1002/anie.200502746
https://doi.org/10.1038/nchembio.203
https://doi.org/10.1002/cbic.200800298
https://doi.org/10.1002/cbic.200800298
https://doi.org/10.1016/j.biotechadv.2017.11.007
https://doi.org/10.1016/j.biotechadv.2017.11.007
https://doi.org/10.1073/pnas.0510098103
https://doi.org/10.1073/pnas.0510098103
https://doi.org/10.1002/cbic.202200049
https://doi.org/10.1002/cbic.202200049
https://doi.org/10.1038/nchembio0809-526
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.26434/chemrxiv-2021-m7dh3
https://doi.org/10.1093/protein/gzw015
https://doi.org/10.1002/anie.201000826
https://doi.org/10.1021/ja405051f
https://doi.org/10.1016/j.chembiol.2004.10.012
https://doi.org/10.1016/j.chembiol.2004.10.012
https://doi.org/10.1016/j.tibtech.2005.03.005
https://doi.org/10.1016/j.tibtech.2005.03.005
https://doi.org/10.1016/bs.mie.2020.04.055
https://doi.org/10.1016/S0040-4039(01)90461-7
https://doi.org/10.1038/nmeth.2918
https://doi.org/10.1038/nmeth.2918
https://ecommerce.twistdna.com/app/oligo
https://ecommerce.twistdna.com/app/oligo
https://doi.org/10.1002/cbic.202100507
https://doi.org/10.1002/cbic.202100507

D. Patsch et al.

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

engineering and its industrial applications. Biotechnol Appl Biochem 2022;69:
389-409. https://doi.org/10.1002/bab.2117.

Childers MC, Daggett V. Insights from molecular dynamics simulations for
computational protein design. Mol Syst Des Eng 2017;2:9-33. https://doi.org/
10.1039/c6me00083e.

Cao H, Wang J, He L, Qi Y, Zhang JZ. DeepDDG: predicting the stability change of
protein point mutations using neural networks. J Chem Inf Model 2019;59:
1508-14. https://doi.org/10.1021/acs.jcim.8b00697.

Quan L, Lv Q, Zhang Y. STRUM: structure-based prediction of protein stability
changes upon single-point mutation. Bioinformatics 2016;32:2936-46. https://doi.
org/10.1093/bioinformatics/btw361.

Kellogg EH, Leaver-Fay A, Baker D. Role of conformational sampling in computing
mutation-induced changes in protein structure and stability. Proteins 2011;79:
830-8. https://doi.org/10.1002/prot.22921.

Alford RF, Leaver-Fay A, Jeliazkov JR, O’Meara MJ, DiMaio FP, Park H, et al. The
rosetta all-atom energy function for macromolecular modeling and design. J Chem
Theory Comput 2017;13:3031-48. https://doi.org/10.1021/acs.jctc.7b00125.
Giollo M, Martin AJM, Walsh I, Ferrari C, Tosatto SCE. NeEMO: a method using
residue interaction networks to improve prediction of protein stability upon
mutation. BMC Genom 2014;15(Suppl 4):S7. https://doi.org/10.1186/1471-2164-
15-54-57.

Chen C-W, Lin J, Chu Y-W. iStable: off-the-shelf predictor integration for predicting
protein stability changes. BMC Bioinforma 2013;14:S5. https://doi.org/10.1186/
1471-2105-14-S2-S5.

Goldenzweig A, Goldsmith M, Hill SE, Gertman O, Laurino P, Ashani Y, et al.
Automated structure- and sequence-based design of proteins for high bacterial
expression and stability. Mol Cell 2016;63:337-46. https://doi.org/10.1016/j.
molcel.2016.06.012.

Peleg Y, Vincentelli R, Collins B, Chen K-E, Livingstone E, Weeratunga S, et al.
Community-wide experimental evaluation of the PROSS stability-design method.
J Mol Biol 2021;433:166964. https://doi.org/10.1016/j.jmb.2021.166964.
Sumbalova L, Stourac J, Martinek T, Bednar D, Damborsky J. HotSpot Wizard 3.0:
web server for automated design of mutations and smart libraries based on
sequence input information. Nucleic Acids Res 2018;46:W356-62. https://doi.org/
10.1093/nar/gky417.

Khersonsky O, Lipsh R, Avizemer Z, Ashani Y, Goldsmith M, Leader H, et al.
Automated design of efficient and functionally diverse enzyme repertoires. e5 Mol
Cell 2018;72:178-86. https://doi.org/10.1016/j.molcel.2018.08.033.

Weinstein J, Marti-Gomez C, Lipsh-Sokolik R, Hoch S, Liebermann D, Nevo R, et al.
Designed active-site library reveals thousands of functional GFP variants. Nat
Commun 2023;14:2890. https://doi.org/10.1038/s41467-023-38099-z.

Sequeiros Borja C, Surpeta B, Brezovsky J. Recent advances in user-friendly
computational tools to engineer protein function. Brief Bioinf. 2020;22:bbaal50.
https://doi.org/10.1093/bib/bbaal50.

Novick SJ, Dellas N, Garcia R, Ching C, Bautista A, Homan D, et al. Engineering an
amine transaminase for the efficient production of a chiral sacubitril precursor.
AGS Catal 2021;11:3762-70. https://doi.org/10.1021/acscatal.0c05450.
Eichenberger M, Hiippi S, Patsch D, Aeberli N, Berweger R, Dossenbach S, et al.
Asymmetric cation-olefin monocyclization by engineered squalene-hopene
cyclases. Angew Chem Int Ed 2021;60:26080-6. https://doi.org/10.1002/
anie.202108037.

Frenz B, Lewis SM, King I, DiMaio F, Park H, Song Y. Prediction of protein
mutational free energy: benchmark and sampling improvements increase
classification accuracy. Front Bioeng Biotechnol 2020;8:558247. https://doi.org/
10.3389/fbioe.2020.558247.

Romero P, Arnold F. Exploring protein fitness landscapes by directed evolution.
Nat Rev Mol Cell Biol 2009;10:866-76. https://doi.org/10.1038/nrm2805.
Shafikhani S, Siegel R, Ferrari E, Schellenberger V. Generation of large libraries of
random mutants in bacillus subtilis by PCR-based plasmid multimerization.
Biotechniques 1997;23:304-10. https://doi.org/10.2144/97232rr01.

Drummond DA, Silberg J, Meyer M, Wilke C, Arnold F. On the conservative nature
of intragenic recombination. Proc Natl Acad Sci USA 2005;102:5380-5. https://
doi.org/10.1073/pnas.0500729102.

Guo H, Choe J, Loeb L. Protein tolerance to random amino acid change. Proc Natl
Acad Sci USA 2004;101:9205-10. https://doi.org/10.1073/pnas.0403255101.
Bloom J, Labthavikul S, Otey C, Arnold F. Protein stability promotes evolvability.
Proc Natl Acad Sci USA 2006;103:5869-74. https://doi.org/10.1073/
pnas.0510098103.

Axe D, Foster N, Fersht A. A search for single substitutions that eliminate
enzymatic function in a bacterial ribonuclease. Biochemistry 1998;37:7157-66.
https://doi.org/10.1021/bi9804028.

Jomain JB, Tallet E, Broutin I, Hoos S, van Agthoven J, Ducruix A, et al. Structural
and thermodynamic bases for the design of pure prolactin receptor antagonists: X-
ray structure of Del1-9-G129R-hPRL. J Biol Chem 2007;282:33118-31. https://
doi.org/10.1074/jbc.M704364200.

Torrado M, Revuelta J, Gonzalez C, Corzana F, Bastida A, Asensio JL. Role of
conserved salt bridges in homeodomain stability and DNA binding. J Biol Chem
2009;284:23765-79. https://doi.org/10.1074/jbc.M109.012054.

Yokota A, Takahashi H, Takenawa T, Arai M. Probing the roles of conserved
arginine-44 of Escherichia coli dihydrofolate reductase in its function and stability
by systematic sequence perturbation analysis. Biochem Biophys Res Commun
2010;391:1703-7. https://doi.org/10.1016/j.bbrc.2009.12.134.

Fredricksen RS, Swenson CA. Relationship between stability and function for
isolated domains of troponin C. Biochemistry 1996;35:14012-26. https://doi.org/
1021/bi961270q.

4495

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

Computational and Structural Biotechnology Journal 21 (2023) 4488-4496

Zakrzewska M, Krowarsch D, Wiedlocha A, Olsnes S, Otlewski J. Highly stable
mutants of human fibroblast growth factor-1 exhibit prolonged biological action.
J Mol Biol 2005;352:860-75. https://doi.org/10.1016/j.jmb.2005.07.066.
Kragelund BB, Jonsson M, Bifulco G, Chazin WJ, Nilsson H, Finn BE, et al.
Hydrophobic core substitutions in calbindin d9k: effects on ca2+ binding and
dissociation. Biochemistry 1998;37:8926-37. https://doi.org/10.1021/bi9726436.
Chaparro-Riggers JF, Polizzi KM, Bommarius AS. Better library design: data-driven
protein engineering. Biotechnol J 2007;2:180-91. https://doi.org/10.1002/
biot.200600170.

Reetz MT, Wu S. Greatly reduced amino acid alphabets in directed evolution:
making the right choice for saturation mutagenesis at homologous enzyme
positions. Chem Commun 2008;43:5499-501. https://doi.org/10.1039/b813388c.
Horton RM, Cai Z, Ho SN, Pease LR. Gene splicing by overlap extension: tailor-
made genes using the polymerase chain reaction. Biotechniques 2013;54:129-33.
https://doi.org/10.2144/000114017.

Faber MS, Van Leuven JT, Ederer MM, Sapozhnikov Y, Wilson ZL, Wichman HA,
et al. Saturation mutagenesis genome engineering of infective ¢x174
bacteriophage via unamplified oligo pools and golden gate assembly. ACS Synth
Biol 2020;9:125-31. https://doi.org/10.1021/acssynbio.9b00411.

Kitzman JO, Starita LM, Lo RS, Fields S, Shendure J. Massively parallel single-
amino-acid mutagenesis. Nat Methods 2015;12:203-6. https://doi.org/10.1038/
nmeth.3223.

Steiner P, Baumer Z, Whitehead T. A Method for user-defined mutagenesis by
integrating oligo pool synthesis technology with nicking mutagenesis. Bio Protoc
2020;10:e3697. https://doi.org/10.21769/bioprotoc.3697.
Twist-oligo-pool-amplification-guidelines - (https://www.twistbioscience.co
m/resources/protocol/twist-oligo-pool-amplification-guidelines) (accessed
September 12, 2023).

Becker M, Noll-Puchta H, Amend D, Nolte F, Fuchs C, Jeremias I, et al. CLUE: A
bioinformatic and wet-lab pipeline for multiplexed cloning of custom sgRNA
libraries. Nucleic Acids Res 2020;48:€78. https://doi.org/10.1093/nar/gkaa459.
Meyerhans A, Vartanian J-P, Wain-Hobson S. DNA recombination during PCR.
Nucleic Acids Res 1990;18:1687-91. https://doi.org/10.1093/nar/18.7.1687.
Judo MS, Wedel AB, Wilson C. Stimulation and suppression of PCR-mediated
recombination. Nucleic Acids Res 1998;26:1819-25. https://doi.org/10.1093/nar/
26.7.1819.

Hegde M, Strand C, Hanna RE, Doench JG. Uncoupling of sgRNAs from their
associated barcodes during PCR amplification of combinatorial CRISPR screens.
PLoS One 2018;13:e0197547. https://doi.org/10.1371/journal.pone.0197547.
Madeira F, Park YM, Lee J, Buso N, Gur T, Madhusoodanan N, et al. The EMBL-EBI
search and sequence analysis tools APIs in 2019. Nucleic Acids Res 2019;47:
W636-41. https://doi.org/10.1093/nar/gkz268.

Benevenuta S, Pancotti C, Fariselli P, Birolo G, Sanavia T. An antisymmetric neural
network to predict free energy changes in protein variants. J Phys D Appl Phys
2021;54:245403. https://doi.org/10.1088/1361-6463/abedfb.

Vander Meersche Y, Cretin G, de Brevern AG, Gelly JC, Galochkina T. MEDUSA:
prediction of protein flexibility from sequence. J Mol Biol 2021;433:166882.
https://doi.org/10.1016/j.jmb.2021.166882.

Pucci F, Schwersensky M, Rooman M. Artificial intelligence challenges for
predicting the impact of mutations on protein stability. Curr Opin Struct Biol 2022;
72:161-8. https://doi.org/10.1016/j.sbi.2021.11.001.

Sebestova E, Pavelka A, Benes P, Strnad O, Brezovsky J, Kozlikova B, et al. CAVER
3.0: a tool for the analysis of transport pathways in dynamic protein structures.
PLoS Comput Biol 2012;8:e1002708. https://doi.org/10.1371/journal.
pcbi.1002708.

Salentin S, Schreiber S, Haupt V, Adasme M, Schroeder M. PLIP: Fully automated
protein-ligand interaction profiler. Nucleic Acids Res 2015;43:W443-7. https://
doi.org/10.1093/nar/gkv315.

Musil M, Khan RT, Beier A, Stourac J, Konegger H, Damborsky J, et al.
FireProtASR: a web server for fully automated ancestral sequence reconstruction.
Brief Bioinf. 2020;22:bbaa337. https://doi.org/10.1093/bib/bbaa337.

Lin Z, Akin H, Rao R, Hie B, Zhu Z, Lu W, et al. Evolutionary-scale prediction of
atomic level protein structure with a language model. Science 2023;379:1123-30.
https://doi.org/10.1126/science.ade2574.

Pancotti C, Benevenuta S, Repetto V, Birolo G, Capriotti E, Sanavia T, et al. A deep-
learning sequence-based method to predict protein stability changes upon genetic
variations. Genes 2021;12:911. https://doi.org/10.3390/genes12060911.

Amin N, Liu AD, Ramer S, Aehle W, Meijer D, Metin M, et al. Construction of
stabilized proteins by combinatorial consensus mutagenesis. Proteins 2004;17:
787-93. https://doi.org/10.1093/protein/gzh091.

Pey AL, Rodriguez-Larrea D, Bomke S, Dammers S, Godoy-Ruiz R, Garcia-

Mira MM, et al. Engineering proteins with tunable thermodynamic and kinetic
stabilities. Proteins 2008;71:165-74. https://doi.org/10.1002/prot.21670.
Sullivan BJ, Nguyen T, Durani V, Mathur D, Rojas S, Thomas M, et al. Stabilizing
proteins from sequence statistics: the interplay of conservation and correlation in
triosephosphate isomerase stability. J Mol Biol 2012;420:384-99. https://doi.org/
10.1016/j.jmb.2012.04.025.

Magliery TJ. Protein stability: computation, sequence statistics, and new
experimental methods. Curr Opin Struct Biol 2015;33:161-8. https://doi.org/
10.1016/j.sbi.2015.09.002.

Steipe B, Schiller B, Pliickthun A, Steinbacher S. Sequence statistics reliably predict
stabilizing mutations in a protein domain. J Mol Biol 1994;240:188-92. https://
doi.org/10.1006/jmbi.1994.1434.

Lehmann M, Loch C, Middendorf A, Studer D, Lassen SF, Pasamontes L, et al. The
consensus concept for thermostability engineering of proteins: further proof of


https://doi.org/10.1002/bab.2117
https://doi.org/10.1039/c6me00083e
https://doi.org/10.1039/c6me00083e
https://doi.org/10.1021/acs.jcim.8b00697
https://doi.org/10.1093/bioinformatics/btw361
https://doi.org/10.1093/bioinformatics/btw361
https://doi.org/10.1002/prot.22921
https://doi.org/10.1021/acs.jctc.7b00125
https://doi.org/10.1186/1471-2164-15-S4-S7
https://doi.org/10.1186/1471-2164-15-S4-S7
https://doi.org/10.1186/1471-2105-14-S2-S5
https://doi.org/10.1186/1471-2105-14-S2-S5
https://doi.org/10.1016/j.molcel.2016.06.012
https://doi.org/10.1016/j.molcel.2016.06.012
https://doi.org/10.1016/j.jmb.2021.166964
https://doi.org/10.1093/nar/gky417
https://doi.org/10.1093/nar/gky417
https://doi.org/10.1016/j.molcel.2018.08.033
https://doi.org/10.1038/s41467-023-38099-z
https://doi.org/10.1093/bib/bbaa150
https://doi.org/10.1021/acscatal.0c05450
https://doi.org/10.1002/anie.202108037
https://doi.org/10.1002/anie.202108037
https://doi.org/10.3389/fbioe.2020.558247
https://doi.org/10.3389/fbioe.2020.558247
https://doi.org/10.1038/nrm2805
https://doi.org/10.2144/97232rr01
https://doi.org/10.1073/pnas.0500729102
https://doi.org/10.1073/pnas.0500729102
https://doi.org/10.1073/pnas.0403255101
https://doi.org/10.1073/pnas.0510098103
https://doi.org/10.1073/pnas.0510098103
https://doi.org/10.1021/bi9804028
https://doi.org/10.1074/jbc.M704364200
https://doi.org/10.1074/jbc.M704364200
https://doi.org/10.1074/jbc.M109.012054
https://doi.org/10.1016/j.bbrc.2009.12.134
http://refhub.elsevier.com/S2001-0370(23)00325-2/sbref54
http://refhub.elsevier.com/S2001-0370(23)00325-2/sbref54
http://refhub.elsevier.com/S2001-0370(23)00325-2/sbref54
https://doi.org/10.1016/j.jmb.2005.07.066
https://doi.org/10.1021/bi9726436
https://doi.org/10.1002/biot.200600170
https://doi.org/10.1002/biot.200600170
https://doi.org/10.1039/b813388c
https://doi.org/10.2144/000114017
https://doi.org/10.1021/acssynbio.9b00411
https://doi.org/10.1038/nmeth.3223
https://doi.org/10.1038/nmeth.3223
https://doi.org/10.21769/bioprotoc.3697
https://www.twistbioscience.com/resources/protocol/twist-oligo-pool-amplification-guidelines
https://www.twistbioscience.com/resources/protocol/twist-oligo-pool-amplification-guidelines
https://doi.org/10.1093/nar/gkaa459
https://doi.org/10.1093/nar/18.7.1687
https://doi.org/10.1093/nar/26.7.1819
https://doi.org/10.1093/nar/26.7.1819
https://doi.org/10.1371/journal.pone.0197547
https://doi.org/10.1093/nar/gkz268
https://doi.org/10.1088/1361-6463/abedfb
https://doi.org/10.1016/j.jmb.2021.166882
https://doi.org/10.1016/j.sbi.2021.11.001
https://doi.org/10.1371/journal.pcbi.1002708
https://doi.org/10.1371/journal.pcbi.1002708
https://doi.org/10.1093/nar/gkv315
https://doi.org/10.1093/nar/gkv315
https://doi.org/10.1093/bib/bbaa337
https://doi.org/10.1126/science.ade2574
https://doi.org/10.3390/genes12060911
https://doi.org/10.1093/protein/gzh091
https://doi.org/10.1002/prot.21670
https://doi.org/10.1016/j.jmb.2012.04.025
https://doi.org/10.1016/j.jmb.2012.04.025
https://doi.org/10.1016/j.sbi.2015.09.002
https://doi.org/10.1016/j.sbi.2015.09.002
https://doi.org/10.1006/jmbi.1994.1434
https://doi.org/10.1006/jmbi.1994.1434

D. Patsch et al.

[85]

[86]

(871

[88]

[89]

concept. Protein Eng Des Sel 2002;15:403-11. https://doi.org/10.1093/protein/
15.5.403.

Bendl J, Stourac J, Sebestova E, Vavra O, Musil M, Brezovsky J, et al. HotSpot
Wizard 2.0: automated design of site-specific mutations and smart libraries in
protein engineering. Nucleic Acids Res 2016;44:W479-87. https://doi.org/
10.1093/nar/gkw416.

Yu H, Huang H. Engineering proteins for thermostability through rigidifying
flexible sites. Biotechnol Adv 2014;32:308-15. https://doi.org/10.1016/j.
biotechadv.2013.10.012.

Jochens H, Aerts D, Bornscheuer UT. Thermostabilization of an esterase by
alignment-guided focussed directed evolution. Protein Eng Des Sel 2010;23:903-9.
https://doi.org/10.1093/protein/gzq071.

Cerdobbel A, de Winter K, Aerts D, Kuipers R, Joosten HJ, Soetaert W, et al.
Increasing the thermostability of sucrose phosphorylase by a combination of
sequence- and structure-based mutagenesis. Protein Eng Des Sel 2011;24:829-34.
https://doi.org/10.1093/protein/gzr042.

Reetz MT, Soni P, Fernandez L, Gumulya Y, Carballeira JD. Increasing the stability
of an enzyme toward hostile organic solvents by directed evolution based on
iterative saturation mutagenesis using the B-FIT method. ChemComm 2010;46:
8657-8. https://doi.org/10.1039/c0cc02657c.

4496

[90]

[91]

[92]

[93]

[94]

Computational and Structural Biotechnology Journal 21 (2023) 4488-4496

Sun Z, Liu Q, Qu G, Feng Y, Reetz MT. Utility of B-Factors in protein science:
interpreting rigidity, flexibility, and internal motion and engineering
thermostability. Chem Rev 2019;119:1626-65. https://doi.org/10.1021/acs.
chemrev.8b00290.

Reetz MT, Carballeira JD. Iterative saturation mutagenesis (ISM) for rapid directed
evolution of functional enzymes. Nat Protoc 2007;2:891-903. https://doi.org/
10.1038/nprot.2007.72.

Qu G, Li A, Acevedo-Rocha CG, Sun Z, Reetz MT. The crucial role of methodology
development in directed evolution of selective enzymes. Angew Chem Int Ed 2020;
59:13204-31. https://doi.org/10.1002/anie.201901491.

Kuipers RK, Joosten HJ, Van Berkel WJH, Leferink NGH, Rooijen E, Ittmann E,
et al. 3DM: Systematic analysis of heterogeneous superfamily data to discover
protein functionalities. Proteins 2010;78:2101-13. https://doi.org/10.1002/
prot.22725.

Currin A, Swainston N, Dunstan MS, Jervis AJ, Mulherin P, Robinson CJ, et al.
Highly multiplexed, fast and accurate nanopore sequencing for verification of
synthetic DNA constructs and sequence libraries. Synth Biol 2019;4:ysz025.
https://doi.org/10.1093/synbio/ysz025.


https://doi.org/10.1093/protein/15.5.403
https://doi.org/10.1093/protein/15.5.403
https://doi.org/10.1093/nar/gkw416
https://doi.org/10.1093/nar/gkw416
https://doi.org/10.1016/j.biotechadv.2013.10.012
https://doi.org/10.1016/j.biotechadv.2013.10.012
https://doi.org/10.1093/protein/gzq071
https://doi.org/10.1093/protein/gzr042
https://doi.org/10.1039/c0cc02657c
https://doi.org/10.1021/acs.chemrev.8b00290
https://doi.org/10.1021/acs.chemrev.8b00290
https://doi.org/10.1038/nprot.2007.72
https://doi.org/10.1038/nprot.2007.72
https://doi.org/10.1002/anie.201901491
https://doi.org/10.1002/prot.22725
https://doi.org/10.1002/prot.22725
https://doi.org/10.1093/synbio/ysz025

	LibGENiE – A bioinformatic pipeline for the design of information-enriched enzyme libraries
	1 Introduction
	2 Results
	2.1 Predicting (and excluding) destabilizing mutations
	2.2 Oligo pools for library creation

	3 LibGENiE: a webserver for smart library creation
	3.1 Thermodynamic stability
	3.2 Evolutionary information
	3.3 Structural flexibility
	3.4 Oligo design

	4 Conclusion
	5 Materials and methods
	5.1 Data
	5.2 Cartesian ΔΔG protocol
	5.3 Oligo design
	5.4 Oligo pool amplification
	5.5 Amplified pool sequencing

	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgement
	Appendix A Supporting information
	References


