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Protein engineering is a powerful and widely applied tool for tailoring enzyme properties to meet application-specific requirements. An attractive group of biocatalysts are PLP-dependent amine transaminases which are capable of converting prochiral ketones to the corresponding chiral amines by asymmetric catalysis. The enzymes often display high enantioselectivity and accept various amine donors. Practical applications of these amine transaminases can be hampered by enzyme instability and by their limited substrate scope. Various strategies to improve robustness of amine transaminases and to redirect their substrate specificity have been explored, including directed evolution, rational design and computation-supported engineering. The approaches used and results obtained are reviewed in this paper, showing that different strategies can be used in a complementary manner and can expand the applicability of amine transaminases in biocatalysis.
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1 INTRODUCTION
Transaminases are pyridoxal 5′-phosphate (PLP) dependent enzymes that catalyze the reversible transfer of an amino group from an amino donor (usually an amine or amino acid) to an amino acceptor (a ketone, aldehyde, or keto acid) (Scheme 1) (John, 1995). The transamination reaction follows a ping-pong bi-bi reaction mechanism that can be divided in two half-reactions, each consisting of several reversible chemical steps (Eliot and Kirsch, 2004). In the resting stage, the PLP cofactor is covalently bound to a conserved lysine residue via a Schiff base linkage. During the first reaction step, the linkage to the conserved lysine is replaced by a Schiff base linkage to the amino donor, forming the external aldimine intermediate. Via proton transfer steps the imine functionality is moved from the exocyclic carbonyl of the cofactor (C4' = N) to the amino donor carbon (Cα = N), yielding the ketimine intermediate. Following hydrolysis of the latter, the deaminated donor leaves as a carbonyl compound (a ketone, aldehyde, or keto acid) with formation of the PMP intermediate. In the second half-reaction this PMP intermediate reacts with the amino acceptor to first form a Schiff base linkage and the second ketimine intermediate. Subsequent steps in the second half-reaction are the reverse of the first half-reaction and lead to an external aldimine intermediate, which releases the aminated product during reformation of the internal aldimine by reaction with the conserved lysine. Thus, in the resting stage the PLP cofactor is covalently bound to the enzyme, but during the catalytic cycle it is covalently bound to the various forms of the substrate. The interaction between enzyme and cofactor during catalysis is based on hydrophobic packing of the PLP ring in a pocket surrounded by aromatic and other apolar groups, as well as by an electrostatic interaction between the pyridinium nitrogen and a conserved aspartate or glutamate in the enzyme and by binding of the PLP phosphate group in the so-called phosphate cup. The PLP cofactor is strongly bound to the enzyme via covalent or non-covalent interactions and stays in the active site throughout the catalytic cycle (Shin and Kim, 2002).
[image: Scheme 1]SCHEME 1 | ATA-catalyzed transamination reaction. Blue arrows indicate the first half-reaction, green arrows indicate the second half-reaction. All reaction steps are reversible.
Transaminases have been grouped into six classes according to catalytic properties: L-aspartate transaminases (class I), L-alanine transaminases (class II), ω-transaminases (class III), D-amino acid transaminases and branched chain transaminases (class IV), L-serine transaminases (class V) and sugar transaminases (class VI) (Mehta et al., 1993). This grouping is somewhat confusing because the activity of these enzymes only partly overlaps with sequence- and structure-based classification. The latter classification correlates with grouping by PLP-enzyme fold type (Percudani and Peracchi, 2009). Most transaminases of class I, II, III and V belong to the fold-type I enzymes, which include the classical aspartate transaminase and several enzymes well explored in applied biocatalysis, such as the Vibrio fluvialis ω-transaminase (VfTA) (Shin and Kim, 1999). The fold-type I class-III ω-transaminases encompass different subgroups of enzymes, including amine transaminases (ATAs) and β-transaminases (Kelly et al., 2018). On the other hand, the class IV transaminases have a very different structure and belong to the group of PLP fold-type IV enzymes. The fold-type IV transaminases include the well-known D-alanine transaminase and several sequence-related ω-transaminases, including the enzyme from Arthrobacter sp. (ATA-117), the enzyme that was engineered for sitagliptin manufacture (Savile et al., 2010).
Transaminases that do not require the substrate to have a carboxylate group are of particular interest for the synthesis of chiral amines from prochiral ketones as the amino acceptor. These ATAs can use cheap or recyclable amino donors such as isopropylamine or alanine in the preparation of chiral amines via asymmetric synthesis from ketones (Shin and Kim, 2002). Many ATAs can produce chiral amines with high enantiomeric excess due to differences between the binding pockets that accommodate the substituents on the carbonyl carbon of a ketone acceptor (Shin and Kim, 2002). The high enantioselectivity makes ATAs attractive biocatalysts for the synthesis of pharmaceutical ingredients, agrochemicals and other fine chemicals where enantiopurity is desirable to avoid exposure to non-functional stereoisomers in the final product (Ghislieri and Turner, 2014). Another attractive point of ATAs is the existence of enantiocomplementary enzymes, i.e., ATAs that preferentially produce the (S) or (R)-amine. Enantiopreference in ATAs is mainly based on steric constraints, but the bulkier substituent usually has the highest CIP priority. Accordingly, fold-type IV ATAs accept D-alanine as donor and form (R)-amines, while L-alanine is used by fold-type I ATAs to synthesize (S)-enantiomers of chiral amines (Percudani and Peracchi, 2009). Most fold-type I (S)-selective ATAs are homodimeric or homotetrameric whereas fold-type IV enzymes usually are (R)-selective and homotetrameric. In both groups of transaminases, the active site is formed by residues from different subunits (Shin and Kim, 2002).
In view of the promising potential of transaminases in industrial amine synthesis, the catalytic properties of ATAs have been intensively studied on a wide range of amination reactions (Koszelewski et al., 2010; Mathew and Yun, 2012; Ferrandi and Monti, 2018; Gomm and O’Reilly, 2018; Patil et al., 2018). The results suggest that while biocatalytic transamination could be highly attractive, obstacles for its practical application are the poor stability of ATAs under harsh reaction conditions such as high temperature, the low tolerance to cosolvents, and the sensitivity to high substrate concentrations (Guo and Berglund, 2017). Different explanations for the observed instability of ATAs have been proposed. Börner et al. (2017b) found that the release from the binding site of the aminated cofactor PMP formed in the first half-reaction can trigger irreversible denaturation and consequently loss of activity. Subunit dissociation in multimeric ATAs could be another cause of inactivation, leading to local unfolding, cofactor loss, exposure of hydrophobic groups, and protein aggregation (Fernandez-Lafuente, 2009). Additionally, the limited substrate scope of ATAs is another obstacle in its practical application. In the dimeric class III ATAs, the active site is located at the interface between the monomers and usually comprises a distinct large and a small binding pocket (Shin and Kim, 2002). When a ketone or keto acid binds to the enzyme, a bulky substituent such as a phenyl group can only be accepted in the large binding pocket. Consequently, bulky amines bearing two large substituents cannot be produced by most native ATAs.
To address the challenges of stability and substrate scope that hamper the application of ATAs in industry, protein engineering efforts have been attempted. Protein engineering mainly follows one of three strategies: directed evolution, structure-based rational redesign, and computational redesign (Bornscheuer and Pohl, 2001). The availability of a protein structure and some knowledge on the structure-activity relationship promote rational design, while the existence of efficient screening methods with sufficient throughput promotes directed evolution (Slabu et al., 2017; Kelly et al., 2018; Rocha et al., 2022). In this review, various engineering strategies to improve the properties of ATAs along with their most prominent results are discussed, making emphasis on the interplay between different approaches and the exploitation of structural information.
2 STABILIZATION OF TRANSAMINASES
2.1 Enzyme stability
High enzyme robustness under process conditions and reusability over multiple catalytic cycles are a prerequisite for the industrial use of ATAs (Tufvesson et al., 2011; Bornscheuer et al., 2012). Additionally, desirable aspects relevant to the operational stability of ATAs are tolerance to high concentrations of reagents and products, compatibility with cosolvents used to increase substrate solubility, activity at elevated temperatures that enhance reaction rates, and compatibility with storage, immobilization, and recycling methods (Guo and Berglund, 2017). The necessary operational stability requirements can be satisfied by more stable variants discovered through microbiological screening and genome mining (Mathew et al., 2016), or by suppressing the effect of harsh process conditions through enzyme immobilization on solid supports (De Souza et al., 2016) and medium engineering (Chen et al., 2016). However, discovering new ATA variants that meet all aspects of operational stability is not always successful, and enzyme immobilization or medium engineering has a limited impact on improving stability. Protein engineering is a preferred strategy to increase enzyme stability as it allows to adapt an existing ATA to better suit process considerations. An overview of protein engineering strategies for ATA stabilization is provided in Table 1.
TABLE 1 | Stabilization of ATAs by protein engineering.
[image: Table 1]2.2 Directed evolution
Directed evolution of enzymes involves multiple iterations of a four-step cycle: generation of a library of mutants with sufficient genetic diversity, gene expression in a suitable microbial host, screening of the library to discover improved variants, and sequencing to identify the beneficial mutations. This is a powerful strategy for enzyme stabilization, especially because no knowledge of the protein structure or the unfolding mechanism is needed (Kuchner and Arnold, 1997), and it has been used to engineer several ATAs (Turner, 2009). For example, a robust variant of (S)-selective ATA from Arthrobacter citreus (AcTA) was obtained after five rounds of error-prone PCR with screening at elevated temperature (30°C–60°C). The resulting enzyme carries 17 mutations (Table 1) and showed a 260-fold enhanced activity in the synthesis of (S)-aminotetralin at its higher optimum temperature (55°C) (Martin et al., 2007). Directed evolution can also be used to broaden the substrate scope. An (R)-selective ATA from Arthrobacter sp. (ATA-117) was engineered by 11 rounds of evolution with screening under challenging conditions (higher temperature, higher concentration of cosolvent, isopropylamine as donor, structurally demanding substrate) and a variant with 27 mutations was obtained (Table 1) (Savile et al., 2010). This robust variant produced a sitagliptin from prositagliptin ketone (yield 92%, e.e. > 99.95%) under harsh reaction conditions (45°C, 1 M isopropylamine as the amino donor, 200 g/L substrate, 50% DMSO as cosolvent). More details on the outstanding engineering campaign aimed at the production of sitagliptin, which is used for the treatment of diabetes mellitus type 2, are described below in the Expanding the substrate scope section. Recently, Novick et al. (2021) employed 11 rounds of directed evolution on the (S)-selective VfTA to improve the production of a chiral precursor of sacubitril (Table 1). The final variant displayed 90% conversion of 75 g/L substrate at an elevated optimal reaction temperature (58°C). Further information on strategies for substrate selectivity engineering is given below.
2.3 Phylogenetic approaches, consensus design, and ancestral sequence reconstruction
When high-throughput screening is not available, finding improved enzyme variants through random mutagenesis and experimental screening may be time- and resource-consuming due to the need for multiple iterations of mutagenesis and testing. Using sequence and structure information to guide the design of libraries can reduce the number of iterations and size of the required libraries. The notion that evolution favors the conservation of residues that are important for function and stability has led to the exploration of strategies using sequence alignments to improve protein stability (Steipe et al., 1994). Consensus mutagenesis employs multiple sequence alignments of homologous proteins to discover positions where the target protein deviates from the consensus sequence (Steipe et al., 1994). The alignments are used to calculate position-specific conservation scores and to derive phylogenetic trees (Thornton et al., 2003). Introduction of mutations that replace residues deviating from consensus by more common residues can improve stability (Nikolova et al., 1998).
The consensus design strategy was employed to improve the stability of the class III (R)-selective ATA from Aspergillus terreus (AtTA). The Consensus Finder tool (Jones et al., 2017) predicted towards-consensus mutations from alignments of 90 AtTA homologs retrieved from the NCBI non-redundant protein sequence database (Xie et al., 2019). Six substitutions towards the most prevalent amino acids were identified (I77L, Q97E and N245D in surface α-helices, H210N, G292D and I295V in surface loop regions). The most stable single mutant was H210N which showed a 3.3-fold increase in half-life at 40°C and a 4.6°C increase in the T5010 value, the temperature at which the enzyme loses 50% of its activity during 10 min of heat treatment. A combination of two single mutations (H210N + I77L) further stabilized AtTA, displaying a 6.1-fold increase in half-life at 40°C, and a 6.6°C increase in T5010. The stabilizing effect of mutation H210N was attributed to formation of a new hydrogen bond between Asn210 and Asp208. Mutation I77L likely reduces the energy of the folded state in comparison to wild-type, suggesting better interaction with adjacent residues.
The consensus approach was also employed to stabilize the (S)-selective fold-type I ATA from Virgibacillus sp. (Guidi et al., 2018). Residue- and position-specific conservation scores were calculated with the program ConSurf (Glaser et al., 2003), whereby positions with a high degree of conservation were considered to be important for catalytic function or stability. The alignment of the ATA with around 500 homologous sequences revealed that Phe16 was conserved among other ATAs, instead of the Thr present in the target enzyme. Thus, a single mutation T16F was introduced, producing a variant more stable in the presence of polar organic solvents such as DMSO and methanol and also tolerant to the presence of high concentrations of salts (KCl and NaCl). The crystal structure of the T16F variant (PDB 6FYQ) revealed that Phe16 facilitates dimerization, which is beneficial for the stability of the enzyme.
Xie et al. (2020) applied consensus design in combination with introduction of prolines at target positions to improve the stability of the (R)-selective ATA from Bacillus altitudinis W3. Based on sequence alignments between the wild-type enzyme and four potentially thermophilic transaminases, five residues were targeted for proline substitution because the expected rigidification of the protein can contribute to stability (Watanabe and Suzuki, 1998). The best variant D192P + T237P exhibited a 2.5-fold improvement in half-life at 40°C, a 6.3°C increase in T5015 (temperature at which the enzyme loses 50% of its activity during a 15 min heat treatment), and a 5°C increase in its optimal reaction temperature. The modeled structure of the variant D192P + T237P revealed that the improved stability could be attributed to a newly formed hydrogen bond between Pro192 and Gly189. Moreover, newly formed hydrophobic interactions including Pro192 with Leu249, Pro192 with Ala254, and Pro237 with Phe236 could also contribute to stability.
Phylogenetic information obtained via multiple sequence alignments is at the basis of ancestral sequence reconstruction (ASR). ASR can be used to infer the sequence of evolutionary ancient proteins, which are expected to have higher stabilities (Wheeler et al., 2016). Deviating residues in an extant protein are then replaced via site-directed mutagenesis, enhancing protein stability (Watanabe et al., 2006). ASR was applied this way to obtain a stable homolog of the (S)-selective ATA from Pseudomonas sp. (PsTA) (Wilding et al., 2017). The ancestral sequence was constructed based on the protein sequences of PsTA and the 192 closest homologs. From the entire phylogenetic tree, a subtree containing the sequences of PsTA and 47 other proteins was examined, and six nodes (67% average sequence identity with PsTA) were selected for gene synthesis. This gave variants with up to 10°C improvement in apparent melting temperature (Tmapp).
A similar phylogenetic approach makes use of the notion that functionally relevant residues may coevolve. A protein can be considered as a network of interacting residues, which can be seen as nodes in a graph (Aguilar et al., 2012). Links between residues (nodes) create a residue-residue coevolution network. Residues are said to coevolve when a mutation at one residue is accompanied by a mutation at an interacting residue (Dietrich et al., 2012). The Mutual Information Server To Infer Coevolution (MISTIC) (Simonetti et al., 2013) can be used to graphically represent coevolution information for protein families from multiple sequence alignments. Graphical representation of coevolution information can help identify coevolving residues to guide mutagenesis efforts. Zhu et al. used MISTIC to select positions where mutations might influence the stability of AtTA (Zhu et al., 2019). The eight positions identified from the MISTIC representation were examined by alanine scanning mutagenesis, from which mutant L118A was discovered to have an increased stability. Saturation mutagenesis at position 118 produced three extra stabilizing mutations (L118T, L118I and L118V). The best variant (L118T, ∆Tmapp = 5°C) exhibited the highest catalytic efficiency (kcat/KM) towards (R)-1-phenylethylamine. To further increase the stability of variant L118T, three residues (Phe115, Leu181 and Trp184) that have strong interactions with Leu118 in the coevolution network were selected for saturation mutagenesis (Liu C. Y. et al., 2021). A double mutant F115L + L118T was found to have higher stability (∆Tmapp = 7.7°C) than the single mutant L118T. Molecular dynamics (MD) simulations confirmed that the overall flexibility of mutant F115L + L118T was decreased compared with the wild-type AtTA and mutant L118T.
2.4 Rational design
The availability of extensive structure and sequence information on transaminases makes rational design for improving stability an attractive option. Inspection of 3D structures is useful to identify regions with suboptimal interactions or destabilizing features and, thus, detect positions to introduce stabilizing mutations. An established strategy to guide the introduction of stabilizing mutations is to promote the biophysical interactions that contribute to folding energy the energy. Some of the factors that contribute to protein stability are well known, e.g. close packing of hydrophobic side chains (Vlassi et al., 1999), the lack of unsatisfied hydrogen bond donors or acceptors, the presence of H-bonds and salt bridges between polar and charged groups in apolar environments (Marqusee and Sauer, 1994), entropic stabilization by residues with restricted conformational freedom in unfolded states (Berezovsky et al., 2005), the presence of polar and charged surface residues (Pokkuluri et al., 2002), and the presence of disulfide bonds (Betz, 1993). Strong binding of ligands also can prevent unfolding (Niesen et al., 2007). Rational design of more stable enzymes can also be based on an analysis of the process of unfolding, targeting kinetic stabilization by increasing stability the native conformation of early unfolding regions (Johnson et al., 2005). Reversible processes like local unfolding, subunit dissociation, or cofactor loss may initiate irreversible inactivation due to further unfolding, exposure of hydrophobic regions and their aggregation, or by (self)proteolytic cleavage (Fernandez-Lafuente, 2009; Börner et al., 2017b). Reducing the propensity to form conformations susceptible to irreversible inactivation therefore can contribute to improved stability.
2.5 Preventing cofactor loss
An important cause of inactivation in ATAs is the loss of the aminated cofactor (PMP) formed in the first half-reaction. Inactivation following cofactor loss has been well documented in PLP fold-type I ATAs (Börner et al., 2017b) and is likely to become especially relevant when high amino donor concentrations are used to shift the reaction equilibrium to product formation, which causes relatively high levels of the PMP-form of the enzyme, especially in case of a poor amino acceptor. To design stabilized variants of a tetrameric (S)-selective ATA from Pseudomonas fluorescens, the PLP binding site was explored and in total 32 residues around the active site, including residues forming the PLP pyridinium ring binding motif, were replaced by mutagenesis (Börner et al., 2017a). After screening, two robust variants (ATA-v1, mutations N161I + Y164L, ∆Tmapp = 11°C; ATA-v2, mutations N161I + Y164L + G51S, ∆Tmapp = 14°C) were obtained. The mutations N161I and Y164L stabilize the PLP-ring binding motif through hydrophobic contacts, and mutation Y164L anchors the PLP cofactor by restricting rotation of the hydroxyphenyl side chain of the conserved residue Tyr148, which interacts with the pyridine ring. The mutation G51S could increase stability by constraining loops close to the surface of the protein.
Mutations not directly contacting the PLP group may still reduce inactivation of ATAs by indirect effects. Roura Padrosa et al. (2019) found that replacing the Val in position 124 by an asparagine in the ATA from C. violaceum (CvTA) contributed to improved PLP binding even though the position is not part of the PLP-ring binding motif or phosphate binding cup. Mutant V124N showed higher stability than wild-type CvTA at elevated temperatures (35°C–65°C). The introduced asparagine is suitably positioned to establish a hydrogen bond with the conserved residue Asp259, which interacts with the PLP pyridinium nitrogen. These interactions could contribute to reduced loss of PMP from the intermediate formed in the first half-reaction, of which the importance was described by Börner et al. (2017b).
2.6 B factors
Crystallographic B factors provide an experimental measure of the protein dynamics in the crystal state, where residues with high B factors are more subject to thermal fluctuations or functional motions (Reetz et al., 2006; Augustyniak et al., 2012). Thus, regions in a protein structure with high B factors may indicate high sensitivity to local unfolding. If allowed by geometric constraints, introduction of a proline in a flexible region of a protein can be beneficial for stability (Watanabe and Suzuki, 1998). Analysis of B factors to improve thermostability was applied to several enzymes including CvTA (Land et al., 2019), whose half-life at 60°C was increased by 2.7-fold by the mutations K69P + D218P + K304P + R432P. Moreover, the single mutation K167P increased the Tmapp by 8.3°C. Intriguingly, mutation K69P is located at the interface of the two subunits, suggesting the mutation may play a role in preventing subunit dissociation.
2.7 Introduction of non-canonical amino acids
Introduction of non-canonical amino acids can be used to improve enzyme stability (Steiner et al., 2008). For example, incorporation of fluorinated amino acids produces minimal local changes in the protein structure yet may have large effects on global properties by influencing bond energies, charge distribution, hydrogen bonding, and steric interactions (Merkel and Budisa, 2012). When all 16 tyrosine residues of the (S)-selective VfTA were substituted with 3-fluorotyrosine, the resulting enzyme was more resistant to the presence of 20% DMSO giving a 2-fold higher production of (S)-1-phenylethylamine (Deepankumar et al., 2014). Similarly, substitution of 9 proline residues with (4R)-fluoroproline in an (S)-selective ATA from Sphaerobacter thermophilus resulted in an increase in Tmapp of 12°C (Deepankumar et al., 2015).
2.8 Disulfide bonds
The introduction of disulfide bonds is a widely applied strategy for protein stabilization (Betz, 1993). Finding positions where disulfide-bond forming cysteines may be introduced can be facilitated by algorithms such as Disulfide by Design (Craig and Dombkowski, 2013) and MODIP (Sowdhamini et al., 1989), which use geometric criteria to find suitable positions. Disulfide by Design can also incorporate B factor analysis to support design of disulfide bonds in flexible regions. Using both algorithms, disulfide bonds were introduced in AtTA to improve its thermostability (Xie et al., 2018). Among the seven mutants predicted, three particularly stable mutants were obtained (N25C + A28C, R131C + D134C, and M150C + M280C). The combination of two of the disulfide bonds (R131C + D134C and M150C + M280C) gave the highest stability improvement with a 4.6-fold increase in half-life (t1/2) at 40°C and a 5.5°C increase in T5010. MD simulations of the designed mutants showed a reduced flexibility of the surface loops when compared with the wild-type AtTA.
2.9 Computational design
The use of computational methods to improve enzyme stability has been motivated by an improvement of molecular mechanics methods to calculate energy changes upon mutations and by the development of more efficient search algorithms to try to find the energy minima of a given sequence (Kiss et al., 2013). For instance, energy calculations were used to identify mutations that increase the stability of AtTA (Huang et al., 2017). In this work, FoldX (Guerois et al., 2002) was used to calculate the effect of mutations in a stretch of six residues (from Gly129 to Asp134) of AtTA on the folding free energy (ΔΔG fold) of the enzyme. Mutations that led to a ΔΔG fold < 0 were selected for experimental verification. From the total of 19 potentially stabilizing mutants predicted, four stabilized mutants (T130M, T130F, E133F and D134L) were obtained. The best single mutant (T130M) displayed a 2.2-fold improvement of t1/2 at 40°C and increased the T1/210 min (defined as the temperature at which enzyme activity is reduced to 50% upon 10 min of incubation) by 3.5°C. The modeled structures of the four stabilized mutants showed that the mutations could introduce additional hydrophobic interactions with adjacent residues. After combination of the best single mutants, a double mutant (T130M + E133F) was constructed and shown to further increase the stability with a 3.3-fold improvement of half-life at 40°C and a 5°C higher T1/210 min.
The stability of AtTA was also improved via energy calculation of chargeable residues using a computational approach called enzyme thermal stability system (ETSS) (Cao et al., 2021). It is used for the analysis of surface charge-charge interaction using TK-SA model calculations (Zhang et al., 2014). The Tanford-Kirkwood (TK) model is to represent the electrostatic properties of the whole protein, and the introduction of solvent accessibility (SA) is used to refine the model. After analyzing surface charge-charge interactions of AtTA, four surface residues were targeted for mutagenesis. To switch the charge of residues to opposite or neutral, 13 mutants were tested and three of them (E133Q, D224K, and E253A) indeed displayed higher stability. Interestingly, residue Glu133 was also targeted in a stabilization study using B factor analysis and folding energy calculations, and mutation E133F indeed gave higher stability (Huang et al., 2017). The best mutant D224K showed a 4.2-fold increase in t1/2 at 40°C and a 6°C increase in both T5010 and Tmapp in comparison to the wild-type AtTA. Mutant D224K was studied by MD simulations and it was concluded that the new hydrogen bond interactions reduced the flexibility of α-helices 8 and 9, which greatly improved enzyme stability.
FoldX calculations were used in the stabilization of the (R)-selective fold-type IV ATA from Exophiala xenobiotica (ExTA) (Telzerow et al., 2019). The most stable variant (K110R + L191F + N249F + E300K + K317E) had a three times longer thermal inactivation half-life (t1/2) at 45°C and a 4.4°C improvement in T1/210 min. The increased stability of ExTA by the surface mutations K110R, N249F, E300K, and the interface mutation L191F could be attributed to the introduction of new cation-π interactions, while mutation K317E could have introduced an additional ionic interaction.
2.10 FRESCO
Our group developed a computational workflow called FRESCO (framework for rapid enzyme stabilization by computational libraries) for enzyme stability engineering (Figure 1) (Wijma et al., 2018). So far, nine different enzymes including an ATA from Pseudomonas jessenii (PjTA) have been successfully stabilized using FRESCO (Floor et al., 2014; Wijma et al., 2014; Wu et al., 2016; Arabnejad et al., 2017; Bu et al., 2018; Martin et al., 2018; Fürst et al., 2019; Aalbers et al., 2020; Meng et al., 2020). Briefly, potentially stabilizing mutations are identified by calculating the effect on folding energy of all possible point mutations, using Rosetta (Richter et al., 2011) and/or FoldX (Guerois et al., 2002). Mutations that are possibly stabilizing are examined by rapid short MD simulations, where mutations causing local instability are dismissed, and by visual inspection. These steps define a small library of promising variants that qualify for experimental verification.
[image: Figure 1]FIGURE 1 | FRESCO workflow for PjTA stabilization. The protocol is described in detail by Wijma et al. (2018).
When applied to the fold-type I class III transaminase PjTA, 29 stabilizing single point mutations were discovered (∆Tm app ≥ 1°C) by FRESCO and two robust variants (PjTA-R4, ∆Tmapp = 18°C, and PjTA-R6, ∆Tmapp = 23°C) with four mutations and six mutations, respectively, were obtained by combining the most beneficial substitutions. These two stabilized variants were more active at high temperatures and more tolerant to cosolvents and to a high concentration of isopropylamine. Under harsh conditions (56°C, 20% DMSO and 1 M isopropylamine) with variant PjTA-R6, the analytical yield of (S)-1-phenylethylamine from acetophenone (100 mM) was 92% (e.e. > 99%). It is noticeable that an exceptionally high success rate (56%) was found for mutations that were predicted to stabilize the subunit interface, which indicated that preventing subunit dissociation was crucial for PjTA stability. Furthermore, the consensus approach contributed a stabilizing mutation in PjTA (A60V, ∆Tmapp = 4°C) that was not discovered by energy calculations yet displayed an additive effect on ∆Tmapp when combined into the final robust variant PjTA-R6. This is an example that shows that predictions by energy calculations and consensus analysis do not fully overlap.
Xie et al. (2019) also demonstrated that it is possible to enhance transaminase stability by combining individual stabilizing mutations. By combining the best mutations of AtTA obtained from consensus analysis (H210N + I77L) and introducing a disulfide bond (M150C + M280C) a more stable variant was obtained. The improved enzyme showed a 16.6-fold increase in t1/2, an 11.8°C higher T5010 and a 2.8-fold increase of the catalytic efficiency (kcat/KM) with (R)-1-phenylethylamine.
2.11 Summary and perspectives of stability engineering
Different protein engineering strategies, often supported by sequence alignment and structural information, have been used to stabilize ATAs with many successful examples. These strategies include directed evolution, consensus design, rational design, and computational design, and are increasingly being used in combination with one another (Huang et al., 2017; Xie et al., 2019; Meng et al., 2020). Several examples show that mutations that improve stability can be predicted and/or explained by known biophysical principles of protein stability. These stabilizing principles are diverse but often affect local events (e.g. unfolding of flexible regions, subunit- or cofactor dissociation) that are followed by irreversible events (aggregation).
The results also indicate that some stabilizing mutations will be missed if only a single approach is used. For instance, AtTA was stabilized via five different approaches including consensus design, rational design and computational design, and it appeared that the stabilizing mutations obtained from each approach were mostly different (Table 1). Combining one or more strategies may be more efficient in finding stabilized mutants, e.g. using both consensus and computational design (folding energy calculations) (Meng et al., 2020), or both consensus and rational design (introduction of disulfide bonds) (Xie et al., 2019). Machine learning is increasingly integrated in protein engineering; it predicts structures and effects of mutations via processing a large amount of experimental data (Yang et al., 2019; Mazurenko et al., 2020). This potentially improves prediction accuracies and was reported to predict thermostabilities of variants of AtTA obtained previously by consensus analysis (Xie et al., 2019; Jia L. L. et al., 2021). However, at present there are no reports of stability improvement of ATAs via machine learning methods that match the achievements of directed evolution and structure-based strategies discussed above.
3 EXPANDING THE SUBSTRATE SCOPE
3.1 Steric hindrance
The substrate range of ATAs is limited by steric hindrance in the active site binding pockets (Shin and Kim, 2002). Genome mining, screening of microbial cultures, and protein engineering are commonly employed to obtain ATAs with a desired substrate range, both for application in kinetic resolution of racemic mixtures and for asymmetric synthesis by amination of ketones (Koszelewski et al., 2010). Different protein engineering strategies have been applied to widen the substrate scope and allow acceptance of non-natural compounds for the preparation of chiral amines, non-proteinogenic amino acids and chiral amino alcohols (Table 2). Chemicals accepted as substrates or produced by engineered ATAs are summarized in Figure 2.
TABLE 2 | Protein engineering of ATAs for improved activity or enantioselectivity.
[image: Table 2][image: Figure 2]FIGURE 2 | Compounds converted or produced by engineered ATAs.
3.2 Directed evolution with high-throughput screening
Directed evolution is a well-stablished approach in protein engineering, widely used to expand the substrate scope of ATAs. For efficient screening in directed evolution, several high-throughput methods have been developed, most often based on conversion-associated changes in fluorescence or color (Figure 3) (Hwang and Kim, 2004; Green et al., 2014; Weiss et al., 2014; Deszcz et al., 2015; Cheng et al., 2020b). For example, a blue complex is formed in the reaction of a CuSO4/MeOH solution with an α-amino acid, allowing spectrophotometric detection at 595 nm of the α-amino acid in 96-well microplates (Figure 3D). This detection method was used to screen an error-prone directed evolution library of VfTA for variants with improved activity towards amino acid 67 (Figure 2), which gave an improved enzyme with 3-fold higher activity than the wild-type enzyme (Hwang and Kim, 2004).
[image: Figure 3]FIGURE 3 | High-throughput methods for screening activity of ATAs. (A) Ketone conversion assay based on formation of a fluorescent product from the amino donor 6-amino-α-methyl-2-naphthalenemethanamine. (B) Ketone conversion assay based on deamination of the donor ortho-xylylenediamine and further conversion to a polymeric precipitate. (C) Coupled assay for amine conversion based on detection of glycine with glycine oxidase and horseradish peroxidase. (D) Amine conversion assay based on formation of a blue complex of an amino acid with copper. (E) Amino acid conversion assay based on detection of ketoacid formation with a tetrazolium salt.
Another high-throughput method to detect transaminase activity is based on the conversion of the amino donor 6-amino-α-methyl-2-naphthalenemethanamine to 2-acetyl-6-aminonaphthalene, which gives a strong fluorescence (Figure 3A). Since the assay screens for conversion of the amino donor, it can be used to measure amination of various ketones. This fluorogenic screening assay was used during the directed evolution of an (R)-selective ATA from Mycobacterium vanbaalenii, which led to the discovery of mutants with improved activity toward ketones 40-45 (Figure 2) (Cheng et al., 2020b). The work followed a knowledge-gaining strategy, where each position in the sequence was tested by saturation mutagenesis until a beneficial mutation was discovered at that position. The variant G68Y + F129A showed a 10–100-fold higher activity in the amination of the six ketones. Ala129 created more space in the small binding pocket, and Tyr68 caused new π-π interactions with the substrate.
The directed evolution of the (S)-selective ATA from Ruegeria sp. TM1040 to obtain activity with the bulky amine 2 (Figure 2) included a high-throughput screening assay that employed glycine oxidase and horseradish peroxidase (Weiss et al., 2014, 2016). The bicyclic compound 2 is challenging because of the bridged rings, and cannot be synthesized with the wild-type enzyme. Mutant Y59W + T231A was found in a previous study to be active with various bulky amines (Pavlidis et al., 2016) and was taken as the starting point to search for beneficial mutations by error-prone PCR. In the screening assay, amine 2 and glyoxylate react to form glycine which is used by glycine oxidase to generate hydrogen peroxide. Hydrogen peroxide is consumed by horseradish peroxidase (Figure 3C) to form benzoquinone which produces a red quinone imine dye (498 nm) by condensation. Using this assay, a 7-fold mutant (Table 2) having a high activity in the kinetic resolution of racemic amine 2 was finally obtained. Another variant (Y59W + Y87F + Y152F + T231A + I234M) gave 75% conversion of the corresponding ketone to amine (e.e. > 99.5%) with the use of isopropylamine as the amino donor.
Wang Y. et al. (2021) performed directed evolution on an (S)-selective ω-transaminase from Burkholderia vietnamiensis G4 (HBV) to aminated β-keto esters 82–85 (Figure 2), which was not possible with available ω-transaminases. A homology model of the wild-type HBV was created using the crystal structures of VfTA and an ω-transaminase from Paracococcus denitrificans with which it shares ca. 51% sequence identity. Residues within 5 Å from the active site were individually subjected to saturation mutagenesis. The mutant libraries were screened with a colorimetric assay (Figure 3B) (Green et al., 2014), in which an intensively colored polymer is formed in the reaction with ortho-xylylenediamine acting as the amino donor in the ATA reaction. The cyclic imine formed after deamination of ortho-xylylenediamine reorganizes into a stable isoindole which forms a colored polymer. Single hits from the mutant library were combined and a final variant bearing five mutations was obtained (Table 2). The five mutations created more space in the binding pockets, thereby improving the activity with the four β-keto esters (82–85).
3.3 Structure-inspired directed evolution
Directed evolution can be made more efficient by using structural information to guide library design (Arnold, 2018). Examination of structural models of enzyme-substrate complexes can reveal positions in the protein structure that likely influence substrate binding or reactivity by improving steric or electronic interactions. The goal is to increase the number of beneficial mutations in a library, thereby reducing the size of the search space required to find good variants.
A prominent example of structure-inspired directed evolution is the engineering of an (R)-selective ATA from Arthrobacter sp. (ATA-117) for the production of sitagliptin (amine 1, Figure 2) from prositagliptin ketone (Savile et al., 2010). A homology model of ATA-117 was constructed based on the crystal structure of three transaminases: a D-amino acid transaminase from Bacillus sp. YM-1 (PDB 3DAA), a branched-chain amino acid transaminase from T. thermophilus (PDB 1WRV), and a branched-chain amino acid transaminase from E. coli (PDB 1AGE). Computational docking of prositagliptin ketone in the modeled structure of ATA-117 identified residues in the small binding pocket causing steric hindrance with the substrate and residues in the large binding pocket that may cause unfavorable interactions. The large binding pocket was first reshaped to accommodate a truncated version of prositagliptin ketone [tetrahydro-triazolo (4,3-α)pyrazine]. Next, the small binding pocket was redesigned to make more space for the trifluorophenyl group of prositagliptin ketone. After 11 rounds of localized saturation mutagenesis and screening, a variant with 27 mutations (Table 2) was obtained that converted 200 g/L prositagliptin ketone to amine with 92% yield under optimal conditions. The overall yield of sitagliptin was increased and a remarkable 53% improvement in volumetric productivity (kg/L per day) was achieved in comparison to the then-current rhodium-catalyzed industrial process. In a subsequent work, Liu Q. et al. (2021) took variant ATA-117 as the template for engineering a new variant with switched product enantioselectivity from amino alcohol 79 to 80 (Figure 2). After four rounds of evolution, variant V69A + F122C + I157H + F225H was found and it had inverted enantiopreference from E = 9 (1S,2R) of 1-aryl-2-amino alcohol 79 to E = 12 (1R,2R) of amino alcohol 80. When the enzyme was tested in a cascade with an engineered transketolase, the results indicated that amino alcohol 80 could be obtained in 76% yield with >99% e.e.
Similar to amine 1, amine 36 is a highly bulky amine, thus a substrate walking strategy was employed to obtain a transaminase for its synthesis. The amine is used for the synthesis of Rimegepant, a drug for the treatment of migraines. A previously constructed mutant of the (S)-selective CvTA displayed activity towards the truncated substrate analogue ((R)-9-hydroxy-6,7,8,9-tetrahydro-5H- cyclohepta [b]pyridin-5-one) and was selected as a template to obtain variants with improved synthesis of amine 36 (Figure 2) (Ma et al., 2022). Initially, several bulky residues shaping the substrate binding site were mutated to alanine. Using variants improved with the model substrate as the template, in total 10 rounds of mutagenesis and screening were applied to improve activity in the synthesis of amine 36, mainly targeting a flexible loop at the substrate entrance tunnel but also using random mutagenesis by error-prone PCR and site-directed mutagenesis to combine mutations. The best variant carried 19 mutations and gave 99% conversion in the production of amine 36 with >99.5% e.e. (Table 2). Scale up to kg amounts was demonstrated (Ma et al., 2022).
Structure-inspired directed evolution was also applied to redesign the well-known (S)-selective VfTA to improve the production of amino acid 71 (Figure 2) (Novick et al., 2021). The product is a chiral precursor to the antihypertensive agent sacubitril which is a component of the heart failure drug Entresto. A variant of VfTA (ATA-217) containing 17 mutations was selected as the template after screening a kit which includes 24 ATA variants. Variant ATA-217 showed trace activity in the synthesis of amino acid 71. Based on docking studies with the quinonoid intermediate of 71, 96 residues were targeted for saturation mutagenesis. After 11 rounds of evolution a variant with 39 mutations (Table 2) was obtained. This variant showed a 5 × 105-fold increase in activity and in a reaction mixture containing 75 g/L substrate gave 90% conversion to amino acid 71 (e.e. > 99.8%).
The aromatic amine 33 (Figure 2) is the precursor of Apremilast, a selective inhibitor of phosphodiesterase 4 and of tumor necrosis factor-α with anti-inflammatory activity. The desired (S)-enantiomer can be produced via transaminase-catalyzed kinetic resolution (Xiang et al., 2021). The VfTA variant required for this reaction was obtained by six rounds of evolution, with mutations mainly introduced in the small substrate-binding pocket in an iterative manner. The work resulted in a variant with eight mutations (Table 2) and an > 400-fold increase in activity with respect to the wild-type VfTA. The work again demonstrates the remarkable evolvability of the V. fluvialis enzyme; it can be engineered by directed evolution to acquire activity with very different substrates (Table 2).
The (S)-selective ATA from Ochrobactrum anthropi (OaTA) was redesigned by saturation mutagenesis of six residues near the active site to improve the conversion to amino acid 72 (Figure 2) (Zhang Z. et al., 2021). The top three single mutants with the highest activity were selected and after combination of their substitutions, the best double mutant (L57C + M419I) gave 94% conversion to amino acid 72 (e.e. > 90%). Visual inspection of docked complexes of the α-ketoacid with the mutant suggested that mutation L57C improved the interaction between the amino group of PMP and the carbonyl oxygen of the substrate, and that a new hydrogen bond between the carbonyl oxygen of the substrate and PMP was formed due to the interaction between the ethyl group of the substrate and Ile419. The higher activity was also attributed to new hydrophobic interactions, i.e. between Ala230, Ile419, and the ethyl group of the substrate.
To obtain an ATA that can catalyze the synthesis of amino alcohol 77 (Figure 2), which is an intermediate in the synthesis of the new anti-HIV drug dolutegravir, activity-determining residues were identified from molecular docking using the crystal structure of an (R)-selective ATA from Aspergillus terreus (AtTA) (PDB 4CE5). Four influential positions close to the substrate tunnel and large binding pocket were separately targeted for site-saturation mutagenesis yielding several improved variants (Gao et al., 2020). After combination of mutations, the best variant (H55A + G126F + S215P) converted 20 and 50 g/L substrate to amino alcohol 77, with 90.8% and 79.1% conversion, respectively, whereas the conversion with the wild-type enzyme was below 5%. The mutation H55A facilitates substrate binding by enlarging the active site entrance tunnel. Mutation G126F is located in a loop that forms the outer end of the entrance tunnel and that could be pushed outward due to the bulkier side chain of Phe126, thereby enlarging the tunnel. Mutation S215P improves enzyme stability by introducing new van der Waals interactions with the substrate.
Using a similar strategy in which structural information was used to restrict directed evolution to specific positions, the (R)-selective ATAs from Chloroflexi bacterium (CbTA) and Capronia epimyces (CeTA) were engineered to improve the activity towards amine 27 and D-alanine (73), respectively (Figure 2) (Wang C. et al., 2021; Jia et al., 2022). Structures with docked substrate were analyzed and five residues in the small binding pocket of CbTA and seven residues in the large binding pocket of CeTA were targeted by saturation mutagenesis. The best variant of CbTA carried mutation Q192G which created more space in the small binding pocket and displayed 9.8-fold higher activity than the wild-type enzyme in the deamination of amine 27. In assays with D-alanine, the F113T variant of CeTA gave the highest activity and conversion in the synthesis of D-alanine reached 95%.
3.4 Phylogenetic analysis supporting directed evolution
Database mining and phylogenetic analysis offer powerful tools to support the design of libraries for discovery of enzymes with desired activities (Kelly et al., 2020). Such methods can also be employed to guide engineering of the activities of ATAs with α-amino acids (Deszcz et al., 2015). The sequence of CvTA was aligned with 28 related transaminases including serine:pyruvate α-transaminase from Sulfolobus solfataricus to compare their active site residues and a phylogenetic tree was constructed. In total 14 positions in CvTA were selected for saturation mutagenesis based on the diversity in aligned sequences, and several different mutations at three positions (Trp60, Phe88 and Tyr153) gave higher activity with serine (68, Figure 2) as an amino donor to produce hydroxypyruvate. Activity was determined via a high-throughput colorimetric screening assay, in which a blue color was formed by a reaction between the tetrazolium salt WST-1 and 2-hydroxypyruvate (Figure 3E). The catalytic efficiencies (kcat/KM) towards serine of the two most active mutants (Y153M and Y153S) were increased by 65-fold and 15-fold, respectively.
3.5 Structure-inspired rational design
Structural inspection of ATAs, often combined with sequence- or structure-based alignments with ATAs that have related properties, can be used for designing small sets of mutants. When a crystal structure is not available, homology modelling is often used to generate a 3D model of the protein. An example is the work of Cho et al. (2008), who built a homology model of VfTA using the structure of a 2,2-dialkylglycine decarboxylase (PDB 1DGE), before the crystal structure of VfTA (Midelfort et al., 2013) was determined. Analysis of the modelled structure pointed at two active-site hotspot positions for mutations that could improve the activity towards amines 3–8 (Figure 2). The homology model of VfTA predicted that two positions (W57 and W157) located in the large binding pocket would cause steric hindrance with the molecules of interest. Thus, two single mutants, W57G and W157G, were expressed and tested for activity towards the set of compounds. While mutation of position 57 to glycine produced a remarkable increase in activity, mutation of position 147 barely altered the substrate scope of VfTA. Determination of the crystal structure of VfTA in 2013 (PDB 4E3R) showed that while residue W57 is located at the predicted position, W147 is nowhere near the active site of the enzyme (Midelfort et al., 2013). In another study, homology modelling of VfTA was based on two templates (1D7R and 2EO5), subsequently performing substrate docking in combination with sequence alignment to identify 14 positions as targets for mutagenesis (Midelfort et al., 2013). A focused library was constructed from which less than 450 variants needed to be screened to find mutants with improved activity in the synthesis of ester 81 (Figure 2), a key intermediate in the synthesis of imagabalin which is used for treatment of generalized anxiety disorders (Birch et al., 2011). The best variant contained eight mutations (Table 2) and exhibited a 60-fold higher activity. During the course of their research, the crystal structure of VfTA (PDB 4E3R) was solved (Midelfort et al., 2013) and five key positions in the small binding pocket which could cause steric hindrance were selected for mutagenesis to improve the yield of amine 9 and amino alcohol 78 (Figure 2) (Nobili et al., 2015). The mutant F85L + V153A gave the best yield (53%) in the synthesis of amine 9 (e.e. = 98%), whereas the highest yield (60%, e.e. = 98%) in the synthesis of amino alcohol 78 was obtained by mutant Y150F + V153A.
The commercially available 3DM bioinformatics platform builds and uses databases of structurally related proteins to support protein engineering. Structure-based sequence alignments that reflect functional relationships and networks in a defined protein superfamily are used to select positions and diversity for substitutions (Kuipers et al., 2010). The 3DM platform has been used to understand and improve activity of VfTA towards aliphatic aldehydes (74 and 75, Figure 2) (Genz et al., 2015). A library containing 1,200 variants with mutations at four positions potentially involved in steric hindrance (Leu56, Trp57, Arg415 and Leu417) in the large binding pocket was investigated and six promising mutants were discovered and characterized in more detail. The results showed that in three mutants (R415L, W57F+R415L and W57F + R415L + L417V) the amino acceptor spectrum had shifted towards aliphatic aldehydes. Mutations W57F and R415L created more space, whereas mutation R415L also increased the hydrophobicity of the large binding pocket to accept hydrophobic groups like the alkyl moiety of aliphatic aldehydes. The 3DM platform was also used for VfTA engineering aimed at improving the synthesis of bulky amines [10, 11 and 12 (Figure 2)] which are not accepted by wild-type VfTA (Genz et al., 2016). Seven residues that sterically constrain the substrate binding pocket were selected for mutagenesis. After screening, a variant was identified (L56V + W57C + F85V+V153A) that gave an improved yield of (R)-amine in the synthesis of 10, 11 and 12.
The (S)-selective OaTA was engineered to improve activity towards various ketones, using homology models to select the target positions (Han et al., 2015b; 2015c). First, influential positions were identified by alanine scanning. Two hotspots (Leu57 and Trp58) in the large binding pocket were targeted, because Trp58 causes steric hindrance with the phenyl group of aromatic ketones, whereas removal of Leu57 may allow reorientation of the phenyl group of aromatic ketones in the large binding pocket, thereby enabling the methyl group of such an acetophenone-like compound to move into a spacious region of the small binding pocket. Site-directed mutagenesis at these two positions gave two improved variants, L57A and W58L, which exhibited higher activity towards various ketones with the use of isopropylamine as the amino donor. In the asymmetric synthesis of amine 9 (Figure 2) by mutant L57A, conversion reached 79% (e.e. > 99%) whereas no conversion was detected with the wild-type OaTA. A similar approach was used to improve OaTA for the production of non-proteinogenic amino acids (Han et al., 2015a). The same best mutant L57A displayed a 48-fold higher activity towards keto acid 86 (Figure 2) with (S)-1-phenylethylamine as the amino donor and a 56-fold higher activity towards L-norvaline (69, Figure 2) using propanal as amino acceptor. In the asymmetric synthesis of 69 by mutant L57A, the conversion was drastically enhanced up to 99.3% (e.e. > 99.9%), while the wild-type OaTA only gave 23% conversion. To enhance the efficiency of combining mutations after the identification of improved single mutants, a method called R-analysis was employed to predict if adding a mutation in OaTA will have a positive (R > 1) or negative (0 < R < 1) effect on activity with a set of structurally related target substrates including α-keto acids, (S)-arylalkylamines and arylalkyl ketones (Kim et al., 2019). The cosubstrate was fixed. Based on the crystal structure of OaTA (PDB 5GHF) (Han et al., 2017), nine residues in the active site were selected for alanine scanning, and three mutants (L57A, W58A and V154A) were identified with higher activities towards target substrates. On the basis of predictions by R-analysis, the mutations were expected to show additive effects on enzyme properties and by combining the substitutions a final variant (L57A + W58A + V154A) with significantly higher activity towards the three sets of substrates was obtained. It allowed the synthesis of bulky amine 10 (Figure 2) with a 45.6% yield (e.e. > 99%). The three corresponding positions of VfTA (Leu56, Trp57 and Val153) were also targeted for redesign to improve the conversion to amine 11, and the mutations apparently indeed relieved steric hindrance in the active site (Genz et al., 2016).
In the absence of a crystal structure of CvTA, a homology model of the enzyme was used to improve the activity in the conversion of amine 13 or ketones 46–54 (Figure 2) (Cassimjee et al., 2012). The structures of VfTA (Midelfort et al., 2013) and an (S)-selective ATA from Arthrobacter citreus (AcTA) (Svedendahl et al., 2010) served as templates for modeling. A key residue in the large binding pocket that could interfere with substrate binding is Trp60 and therefore it was replaced. Mutation W60C increased the activity of CvTA towards amine 13 by 29-fold, whereas the activity increased up to 5-fold in the amination of 4′-substituted acetophenones (46–54). Afterward, the crystal structure of CvTA (PDB 4A6T) was solved (Humble et al., 2012b) and used to improve the activity for the production of bulky amine 14 (Figure 2) (Land et al., 2020). Specifically, to enhance the acceptance of a phenyl group of 14 in the small binding pocket, residues Leu57 and Phe88 were mutated to smaller amino acids. The results showed that increasing the size of the small pocket in variant L57A + F88A gave a 30-fold higher activity in the kinetic resolution of racemic amine 14 with nearly 50% yield (e.e. > 99%). Position 59 of CvTA is also a hotspot to redesign in the synthesis of amine 9 and 35 (Figure 2) and the excellent yields with >99% e.e. of these two amines were achieved by the variant L59A (Sheludko et al., 2022). The corresponding mutant L57A of OaTA also gave a significant conversion (>99% e.e.) to amine 9 (Han et al., 2015b).
The crystal structure of CvTA was used as the template for building a homology model of an (S)-selective ATA from Halomonas elongate that was used in experiments aimed at improving conversion of para-, meta- and ortho-mono-substituted benzaldehydes and acetophenones (Contente et al., 2016). In the active site, four residues suspected to cause steric hindrance were targeted, i.e. Trp56 (large binding pocket), Phe84 (between two pockets), Tyr149 (large binding pocket) and Ile258 (large binding pocket). Mutations W56G, F84A and Y149F were found to relieve steric hindrance and mutation I258A may facilitate side-chain rotation of Trp56 creating more space for substrate binding. Similarly, a homology model of an (S)-selective ATA from Paraburkholderia phymatum was used to discover mutations that could enhance the activity towards ketone 66 (Figure 2) (Xie et al., 2021). In the large binding pocket of the active site, four residues including Met78, Trp82, Ile284, and Thr440 were replaced. To relieve the steric hindrance, mutant W82A was constructed. An aromatic interaction was introduced by mutations M78F and I284F which was expected to be beneficial for binding the phenyl group of ketone 66 in the large binding pocket. Mutation T440Q was anticipated to increase hydrophobicity which would also improve binding affinity of 66. The final quadruple variant M78F + W82A + I284F + T440Q gave the highest catalytic efficiency (>470-fold higher than wild-type), and the conversion of 66 was improved from 1.3% to 94.4%.
The ATA from Ruegeria sp. TM1040 (PDB 3FCR) was redesigned to improve the synthesis of the bulky amines 12, 15, 16, and 17 (Figure 2) (Pavlidis et al., 2016). The wild-type enzyme had no activity in the synthesis of racemic amine 15 and only minor activities were detected with racemic amines 16 and 17. Mutants were designed and tested from the structural analysis of residues forming the binding site. Sequence alignment with an (S)-selective ATA from Silicibacter pomeroyi suggested that mutations Y59W and T213A could increase activity towards bulky amines, as the same mutations had improved catalytic activity in kinetic resolution assays of the S. pomeroyi ATA (Steffen-Munsberg et al., 2013). Additionally, three residues, namely Tyr87 (small binding pocket), Tyr152 (PLP binding via a stacking interaction) and Pro423 (in a loop at the entrance of the active site) were examined and mutants (Y87F, Y152F and P423H) were tested. Mutation Y87F was expected to create more space by removing polar interactions of the tyrosine hydroxyl group with the substrate. Mutation P423H makes the loop more flexible and allows better binding of aromatic compounds in the active site. Three more positions were modified and the best variant (Y59W + Y87F + Y152F + T231A + P423H) exhibited a noticeable activity improvement in the kinetic resolution of racemic amines 15, 16 and 17, and a remarkable 8900-fold higher activity towards racemic amine 17. Mutation P423H was later eliminated because while it improves activity it does so at the cost of stability. The variant Y59W + Y87F + Y152F + T231A still exhibited outstanding performance in the asymmetric synthesis of bulky amines 15, 16 and 17.
The ATA from Ruegeria TM1040 was also engineered for asymmetric synthesis of amine 12 (Weiss et al., 2017). In this case, the starting point was the variant Y59W + T231A, for which no detectable activity was found with racemic amine 12. An improved variant with three additional mutations (Y59W + Y87L + T231A + L382M + G429A) in comparison to the template was obtained by error-prone PCR and subsequent site-saturation mutagenesis with prescreening for active clones with the glycine oxidase assay mentioned above. The five-fold mutant had improved activity in the kinetic resolution of racemic amine 12. In asymmetric synthesis, conversions reached 100% (e.e. > 99%) and 71% (e.e. > 99%) when driving the reaction with the amino donors L-alanine and isopropylamine, respectively.
Park et al. reshaped the small binding pocket of the (S)-selective ATA from Paracoccus denitrificans (PdTA, PDB 4GRX) to synthesize non-proteinogenic amino acids with long alkyl chains (Park et al., 2014). Binding of the carboxylic group of L-α-amino acids occurs in the large binding pocket, whereas the alkyl substituent is accommodated in the small binding pocket. Structural alignment of the five residues forming the small binding pocket of PdTA (Phe19, Phe85, Ser118, Tyr150, Val153 and Phe321) showed that Val153 is a key residue that confers the non-canonical substrate specificity of PdTA. When an L-α-amino acid bearing an alkyl chain forms the Michaelis complex with the enzyme, Val153 can move back from the small binding pocket allowing it to accommodate the carboxylic group of the L-α-amino acid. Excavation of the small binding pocket via the V153A mutation mutation was found to promote accommodation of preferentially long alkyl chains as in 69 and 70 (Figure 2). The V153A mutation also resulted in a 4-fold activity improvement in the amination of keto acid 87.
In the amination of a series of keto acids (88–92, Figure 2), the modeled structure of an (R)-selective ATA from Gibberella zeae was constructed based on the crystal structure of an ATA from Nectria haematococca (PDB 4CMD) and selected as a template in the enzyme design (Jia D. X. et al., 2021). To create more space in the binding pocket and the substrate entrance tunnel, five residues were targeted for alanine scanning. After further rational design and mutation combination, the variant S214A + F113L + V60A displayed the best activities towards those keto acids (88–92). Another (R)-selective ATA from Arthrobacter cumminsii ZJUT212 (AcATA) was engineered to improve the production of sitagliptin intermediate (amine 28) (Figure 2) (Cheng et al., 2020a). A sequence alignment with the final improved variant ATA117-Rd11 (PDB 3WWJ) which was useful for sitagliptin production was used to suggest mutations (Savile et al., 2010; Guan et al., 2015). In total, 23 different residues were identified in the alignment sequence and 14 of these harbored mutations that were beneficial for activity towards pro-sitagliptin ketone. These 14 substitutions were then introduced in AcATA to construct a variant AcATA M1. Because of the high sequence identity with AcATA M1, ATA117-Rd11 was selected as a template to construct a homology model for docking simulations. In total 13 active site residues were targeted for alanine scanning and three beneficial positions (Met122, Thr134, and Gln155) in AcATA M1 were identified for saturation mutagenesis. The best variant M122H displayed >50-fold higher activity towards pro-sitagliptin ketone compared with the wild type AcATA, and the conversion of 50 g/L substrate to amine 28 reached 92% (e.e. > 99%). MD simulations showed that mutation M122H lengthened the substrate cavity, which could facilitate the large substrate moving in and out of the binding pocket, hence facilitate substrate binding.
The fold-type Ⅳ ATA from Exophiala xenobiotica (ExTA, PDB 6FTE) can naturally aminate various biaryl ketones (55–64, Figure 2), but was further engineered to improve its catalytic activity (Telzerow et al., 2019). After crystal structure determination, six highly conserved residues in the small binding pocket (Val60, Phe113, Thr273, Thr274 and Ala275) were identified as potential producers of steric hindrance with biaryl ketones, from which three variants were constructed (T273S, T273S + T274S, and T273S + T274S + A275G) and tested. The best variant (T273S) displayed the desired improved activity with various biaryl ketones, reaching >99% conversion in three cases (e.e. > 99%). The crystal structure of an (R)-selective ATA from Arthrobacter sp. (PDB 3WWH) (Guan et al., 2015) was used by Han et al. for docking simulations to find mutants with enhanced activity towards ketone 43 (Figure 2) (Han et al., 2021). Ten residues around the active site were first selected for alanine scanning. The three positions that showed the highest activities upon mutation to alanine (Gly136, Val199 and Ser223) were selected for saturation mutagenesis. The single mutants G136I, V199W and S223P were most active in the conversion of 43. The combination of two mutations to form the double mutant V199W + S223P further increased the activity. Another example of the use of alanine scanning was performed by Konia et al., who engineered an (R)-selective ATA from Luminiphilus syltensis using the crystal structure (PDB 7P3T) to improve activity towards amine 34 (Figure 2). Amine 34 is too bulky to be accepted by the wild-type enzyme due to the size of the substituent (Konia et al., 2021). Alanine scanning of three residues in the small binding pocket that may cause clashes with 34 yielded mutant V37A with increased activity.
Incorporation of non-canonical amino acids has been widely used in protein engineering to improve and introduce a new catalytic activity (Drienovská and Roelfes, 2020; Pagar et al., 2021). This rational strategy was applied to expand the substrate scope of ATAs and an (R)-selective ATA that was previously engineered from a D-amino acid transaminase was selected as a scaffold (Voss et al., 2020; Pagar et al., 2022). The active site of this template enzyme is highly hydrophobic, mainly because of three phenylalanine residues (Phe31, Phe86, and Phe88). Therefore, displacement of phenylalanine analogs with higher hydrophobicity potentially increases the enzyme activity towards the hydrophobic substrate. After screening phenylalanine analogs, replacement of Phe88 by p-benzoyl phenylalanine was found to give gave the best activity towards amine 27 (Figure 2). Furthermore, the mutation F88pBpA also highly improved the activity towards aldehyde 76 (amine 27 was set as amino donor) and the activity in the deamination of amine 34, 37, 38, and 39 (pyruvate was set as amino acceptor) (Figure 2).
Structure-inspired rational design has not only been used to expand the substrate scope of ATAs but also to improve or even switch the enantioselectivity. For example, the enantioselectivity of VfTA was improved in the amination of (S)-3-methylcyclohexanone (Skalden et al., 2015). The work targeted the active site residue Leu56 as its side chain interacts with the methyl substituent of the external aldimines formed by reaction of PLP with amine 18 and amine 19 (Figure 2). In an asymmetric synthesis reaction using L-alanine as the amino donor, the enantiomeric excess of the produced (R)-amine 20 (Figure 2) was enhanced by up to 66%, with a diastereomeric composition of 83% amine 20 and 17% amine 18. The relevant mutation was L56V. Mutation L56I switched the selectivity from amine 21 to amine 18 as the product, with 70% enantiomer excess of the (S)-amine and a diastereomeric composition of 15% 20 and 85% amine 18.
The enantioselectivity of CvTA has also been fine-tuned via mutagenesis (Humble et al., 2012a). To enhance the S preference in the production of amines 13, 21 and 22 (Figure 2) mutation W60C was constructed and tested, displaying an up to 15-fold increase in E value. Mutation W60C created more space to accommodate the ketone substrate in a pro-(S) conformation. This mutation was also found to be beneficial for activity with amine 13 and ketones 46–54 (Cassimjee et al., 2012). Another designed variant, F88A + A231F, even switched the enantiopreference from S (E = 3.9) to R (E = 63) in the amine 22 synthesis. Mutation F88A enlarges the small binding pocket to fit the large group of the substrate, and mutation A231F reduces the space of the large binding pocket to selectively fit the small group of the substrate.
Another example of increasing or switching the enantioselectivity of AcTA concerns the asymmetric synthesis of amine 23 (Figure 2) (Svedendahl et al., 2010). In the phosphate-group binding cup, three residues (Glu326, Val328 and Tyr331) at an active site loop were substituted and five mutants (E326D, V328A, Y331C, E326D + Y331C and V328A + Y331C) were identified. Mutants E326D, Y331C and E326D + Y331C showed increased (S)-product selectivity using isopropylamine as the amino donor, and the best variant (Y331C) displayed an improvement from 98% to >99.5% e.e. The other two mutants (V328A and V328A + Y331C) switched the enantioselectivity and mutant V328A gave the (R)-enantiomer of 23 with 58% e.e. All five mutants retained (S) preference with >99.5% e.e. in the synthesis of amine 24 (Figure 2).
3.6 Computer-aided rational design
In recent years, several computational methods have been used to support rational design aimed at tailoring the substrate scope of ATAs (Sirin et al., 2014; Dourado et al., 2016; Han et al., 2017; Voss et al., 2018; Zhai et al., 2019; Meng et al., 2021). An approach often used is the rational selection of a restricted number of positions at which mutations may occur that may improve a desired activity. Mutants are designed rationally, and modeling in atomic detail is used to examine their enzyme-substrate complexes, including substrate-enzyme interactions and the occurrence of reactive poses. Mutations at these positions are then examined by various computational tools or discovered by an appropriate search algorithm that in silico scans sequence- and conformational space for beneficial variants, e.g. on binding. We refer to these approaches as computation-supported engineering. The methods used in computation-aided rational design of ATAs include molecular docking, MD simulations, Monte-Carlo search algorithms, and quantum mechanical (QM) calculations. The Rosetta package, developed by D. Baker and coworkers (Richter et al., 2011) uses a Monte Carlo search algorithm and an energy-based scoring function to discover enzyme variants that have a redesigned active site with improved ligand binding properties. Substrate is docked in a user-defined constrained reactive position that based on mechanistic insight or QM calculations is predicted to represent a reactive conformation (often called a near attack conformation). Then, selected amino acids around the substrate are varied by identity and conformation during a Monte Carlo search that produces designs with optimized scores (lowest energy). These designs are expected to show improved activity, and are tested in the lab after ranking by visual inspection or by further computational tools such as docking- or MD simulations.
Sirin et al. developed a computational protocol to predict the catalytic activity of VfTA by using a combination of docking and MD simulations. Three scoring schemes (MM/GBSA, DockingScore, and Z-score) (Lyne et al., 2006; Sastry et al., 2013), all based on substrate binding energies, were used to assess the fitness of the variants towards the synthesis of ester 81 (Figure 2) (Sirin et al., 2014). From the calculated binding energies, a library of 89 mutants was constructed of which 63 were found to be active. The success rates of the three scoring schemes were 75% (MM/GBSA), 70% (DockingScore) and 80% (Z-score). The best computationally designed mutant carried eight mutations (Table 2) and showed a 60-fold increase in activity, in agreement with the prediction of this mutant as one of the top-ranking candidates.
VfTA engineering supported by computational analysis was also pursued by Dourado et al. (2016) to improve the activity in the synthesis of amine 12 (Figure 2). The approach included docking simulations of both the quinonoid intermediate and the corresponding ketone of amine 12 in complex with a set of VfTA variants. The complexes of promising candidates were used for MD simulations. Several triple mutants were identified after the first two rounds in silico screening, and after that a further round of screening by coevolution network analysis gave variants with 4–7 mutations. Mutants were evaluated for production of bulky amine 12, for which wild-type VfTA has no activity. Eight residues (Trp57, Lys163, Ala228, Glu257, Val258, Ile259, Val422, Arg415) in the large binding pocket and five residues (Gly55, Leu56, His83, Arg88 and Val153) in the small binding pocket were targeted with the aim of creating more space in the binding pockets and reducing their overall charge to enhance intermolecular interactions with the hydrophobic substrate. From multiple rounds of computational evaluation and mutant selection, 113 variants were identified and tested experimentally. After three rounds of in silico screening, the best variant carried seven rationally combined mutations (Table 2). It showed more than 1716-fold increase in activity and reached 42% conversion (e.e. > 99%) in the synthesis of bulky amine 12.
Another ATA that was redesigned with the support of in silico methods is the (S)-selective ATA from Bacillus pumilus W3 (Zhai et al., 2019). The aim was to improve activity for the production of bulky amine 26 (Figure 2) which is a building block of the antibiotic sitafloxacin, used in the treatment of Buruli ulcer. First, a homology model was constructed using the related ATA from Geoglobus acetivorans (51% sequence similarity) as a template. The modelled structure was then used for substrate docking and four residues (Tyr32, Lys155, Ile215 and Thr252) around the active site were selected. The effect of point mutations at these positions on folding energies of enzyme-substrate complexes (ΔΔG fold) were calculated by PoPMuSiC-2.1, a web server to predict the effect of mutations on thermostability (Dehouck et al., 2011). Since the mutations are around the active site, increased stability may correlate with increased substrate binding and eight mutations with ΔΔG fold < 0 were selected for laboratory testing. After testing combinations, the best mutants (L212M + I215M and Y32L + S190A + L212M + I215M) displayed 77% and 79% conversion (e.e. > 99%), respectively, of amine 26.
Han et al. attempted to solve the question of why ω-TAs show lower activities towards ketones than towards α-keto acids and aldehydes, and based on their discoveries improved the activity of OaTA towards ketones (Han et al., 2017). Via molecular docking they found that ketones typically form non-productive binding complexes: the dihedral angle between the plane of Oβ, Cα, and NPMP and of Oβ, Cα and Cβ must be close to 90° and the Cα−NPMP distance to be below 2.5 Å for the nucleophilic attack of the PMP amine on the ketone in the acceptor-amination half-reaction (Radisky and Koshland, 2002; Oliveira et al., 2011). The orientations of the ketone substrate in the complex were estimated via docking, and the results were used to computationally score a set of OaTA variants. The best variant, carrying two mutations in the large binding pocket (L57A + W58A), was found to have a 105-fold higher activity in the production of amine 9 (Figure 2) without loss of product enantioselectivity. An L57A mutant was previously obtained by rational design and gave a 110-fold activity improvement in the synthesis of amine 9, indicating that rational design based on structural information predicted a similar mutation as computational design based on the docking orientation analysis (Han et al., 2015b).
Voss et al. explored a computational method to improve the activity of CvTA in the synthesis of amine 9 from ketone 65 (Figure 2) (Voss et al., 2018). Specifically, substrate docking and MD simulations were first conducted using the crystal structure. This showed that an energy barrier between conformations with substrate in the entrance tunnel and in the active site hindered movement of substrate to a reactive position. The contribution of flanking residues to energy barriers between conformations were calculated using quantum mechanics and used to select positions for in silico alanine or glycine scanning mutagenesis. This way, 10 single or double mutants with lower computed interaction energies of reactive conformations were selected. To decide which amino acid would be most beneficial at the four most influential positions (Trp60, Phe88, Ser121 and Cys418), sequence and structure alignments were used and the three most frequent amino acids at each of the four selected positions were selected. The 216 variants were ranked computationally according to the lowest interaction energies and minimal distance of ketone 65 to the catalytic site, and 11 top-ranking variants were selected for the experimental verification. The two best variants (F88L + C418G and F88L + C418L) were found to exhibit higher activity and better conversion in the synthesis of amine 9. On the basis of structural analysis, mutations F88L and C419L were proposed to create more space in the small binding pocket and the entrance tunnel, thereby improving the acceptance of ketone 65. To achieve amination of ketone 65 by engineered VfTA, the corresponding F85A mutant was also used to provide more space in the small binding pocket (Nobili et al., 2015).
A D-amino acid transaminase (DATA) was engineered to gain the activity towards amine 27 (Figure 2) via a computational strategy including rational design, Rosetta calculations and 3DM analysis (Voss et al., 2020). Since the starting enzyme is a (R)-amino acid aminotransferase, the small carboxylate binding site (also called P-site, since it points in the same direction as the phosphate binding cup) needs to be modified and the Y88E mutation was chosen for that because the corresponding R97E mutation introduced some 27 synthesis activity in the homologous AT from Aspergillus fumigatus. To further optimize the O-site, the ligand PLP-amine 27 complex was docked into DATA (PDB 3DAA) and nine positions around the ligand were targeted for optimization by Rosetta design. Based on Rosetta scores and contribution of the ligand, five top-scoring mutants were selected for the experimental verification. No improved activity towards amine 27 was observed among those five variants, whereas a variant that showed the acceptance of amine 27 was selected for further study because some mutations in this variant could be detrimental in the second half of transamination. 3DM software was applied for sequence alignment and residues with low frequency among the aligned sequences were removed. Finally, only one computationally selected mutation was avoided to obtain the best variant (Table 2) which gave a similar activity towards amine 27 as natural (R)-selective ATAs. In the best variant, the larger and more hydrophobic binding pockets both contributed to better accept amine 27.
Our group explored a computational method employing the Rosetta interface energy as the main metric in a single dock-and-design step to redesign transaminase activity (Figure 4) (Meng et al., 2021). The template was a thermostable PjTA variant (PjTA-R6, PDB 6TB1) (Meng et al., 2020) that displayed no detectable activity in the synthesis of the six enantiopure bulky amines 9, 21, 29, 30, 31, and 32 (Figure 2). The modeled ligands were the external aldimine intermediates. Complexes of the ligands with the PjTA-R6 scaffold were obtained by Rosetta, visually inspected for reactive conformations, and the Rosetta interface energies were used to score and rank the designs. Seven residues in the large binding pocket and one residue in the small binding pocket were targeted. Six separately designed small libraries composed of 7–18 variants each (40 variants in total) were constructed with 1–6 mutations and the majority (97%) of the variants exhibited activity in the production of the desired (S)-amine with excellent enantioselectivity (e.e. > 99%). Moreover, a good correlation (r2 = 0.75–0.96) was obtained between Rosetta enzyme-external aldimine interface energy and the experimental yield, suggesting Rosetta interface energy is a reliable metric to detect improved variants among a large number of primary designs generated by Rosetta search algorithm. The best-performing mutant in the synthesis of amine 9 was a triple mutant W58M + F86L + R417L. Notably, the best variants derived from VfTA, CvTA and OaTA for production of amine 9 all possessed a corresponding mutation: F85L, F88L, and W58A, respectively (Figure 5) (Nobili et al., 2015; Han et al., 2017; Voss et al., 2018). In case of PjTA, the single mutant W58G displayed the best performance for synthesis of structurally similar bulky amines and the best variant of OaTA for the synthesis of amine 21 and 29 contained the corresponding mutation W58L (Han et al., 2015c).
[image: Figure 4]FIGURE 4 | The workflow of the computational redesign of PjTA-R6 to expand the enzyme substrate scope.
[image: Figure 5]FIGURE 5 | Schematic view of the large and small binding pocket of three class Ⅲ, fold-type I ATAs bearing the external aldimine intermediate [PLP-Schiff base with (S)-1-phenylethylamine]. Residues around the blue circle belong to the large binding pocket, and the residues around the red circle belong to the small binding pocket. The catalytic lysine is also shown. The residues of VfTA, CvTA, OaTA, and PjTA are in orange, green, magenta, and grey, respectively.
3.7 Conserved active site topology
A common strategy of the aforementioned studies aimed at redesigning the substrate scope of ATAs is to increase the size of the two binding pockets by replacing bulky side chains with smaller residues and promoting hydrophobic interactions between substrate and enzyme by replacing polar with hydrophobic residues. Following this approach, based on steric and polarity considerations, hotspots in the binding pockets have been identified as target to improve variants. The binding pocket residues most commonly substituted in engineered variants of the class III ATAs VfTA, CvTA, OaTA, and PjTA are summarized in Figure 5. The key residues can easily be translated among the four enzymes because of structural similarities between class III ATAs. Some of the key residues are as follows. The switching Arg415 (VfTA)/Arg417 (PjTA) is both polar and bulky, and modification of catalytic selectivity by creating more space in the large binding pocket and reducing its polarity via four different mutations (R415K, R415F, R415L and R415A) has been reported (Midelfort et al., 2013; Sirin et al., 2014; Genz et al., 2015; Dourado et al., 2016; Meng et al., 2021; Xiang et al., 2021). Residue Phe85 (VfTA)/Phe88 (CvTA)/Phe86 (PjTA), located in the small binding pocket, is frequently targeted and mutated to smaller residues like alanine, valine or leucine to relieve the steric hindrance limiting acceptance of bulky substituents (Midelfort et al., 2013; Sirin et al., 2014; Nobili et al., 2015; Genz et al., 2016; Voss et al., 2018; Land et al., 2020; Meng et al., 2021; Novick et al., 2021; Xiang et al., 2021; Sheludko et al., 2022). Another key residue in the small binding pocket is Val153 (VfTA)/Val154 (OaTA) and two smaller residues (alanine and serine) were tested (Midelfort et al., 2013; Sirin et al., 2014; Nobili et al., 2015; Dourado et al., 2016; Genz et al., 2016; Kim et al., 2019; Novick et al., 2021; Xiang et al., 2021). A key residue from the large binding pocket often responsible for steric hindrance with substrate is Trp57 (VfTA)/Trp60 (CvTA)/Trp58 (OaTA/PjTA), and mutations to smaller residues such as glycine, alanine, leucine, phenylalanine, and cysteine have been successful in reducing steric interference (Cho et al., 2008; Cassimjee et al., 2012; Midelfort et al., 2013; Sirin et al., 2014; Han et al., 2015c, 2017; Genz et al., 2015, 2016; Dourado et al., 2016; Kim et al., 2019; Meng et al., 2021; Novick et al., 2021; Xiang et al., 2021). Moreover, a conserved leucine found in the large pocket has been targeted in three ATAs: Leu56 (VfTA)/Leu59 (CvTA)/Leu57 (OaTA). Again, replacement by smaller residues (alanine, cysteine and valine) broadened the substrate scope (Han et al., 2015b; 2015a; Genz et al., 2016; Han et al., 2017; Kim et al., 2019; Land et al., 2020; Zhang Z. et al., 2021; Ma et al., 2022). Among three ATAs, the same position in the large binding pocket with different residues was targeted: Leu417 (VfTA)/Cys418 (CvTA)/Met419 (OaTA). Mutations including L417V, C418L, C418G, and M419I were constructed to create more space for substrate binding (Genz et al., 2015; Voss et al., 2018; Zhang Z. et al., 2021). The key residues mentioned are routinely found to help accommodate non-natural substrates in ATAs, and therefore are primary targets for mutagenesis when redesigning the substrate scope of homologous ATAs.
3.8 Conclusions and perspectives
Rational design is as frequently used for tailoring the substrate scope of ATAs as directed evolution employing random mutant libraries because of the well understood catalytic mechanism, the availability of crystal structures, and the advantages of rational design in terms of reducing the screening effort needed for finding improved variants. When small sets of mutants are sufficient to find desired variants, no development of screening assays is needed and work can be done with real substrates instead of surrogate substrates that are selected because they facilitate screening. On the other hand, the comprehensiveness of rational design is lower because only residues surrounding the substrate in the active site or entrance tunnel or otherwise are expected to be important for performance will be examined by mutagenesis. Furthermore, only a restricted set of combinations of substitutions is tested. Fortunately, computational design algorithms such as Rosetta can search a much larger sequence space than on-screen inspection or even directed evolution. Computational modeling can predict mutations in binding pockets as well as in entrance tunnels, including mutations that influence transitions between conformations, create space to accommodate bulky non-natural substrates, and predict occupancy of reactive conformations. The use of complementary algorithms that offer orthogonal in silico screening, including MD and QM, can increase the reliability of predictions. Challenges in the field of computational design are achieving higher accuracy to facilitate selection of designs with the best catalytic properties, avoiding false positives such as variants that do not well express, covering catalytic cycles that consist of multiple chemical steps and conformational changes, and better description of aromatic interactions and interactions that are influenced by polarization effects.
Currently, machine learning algorithms are a hardly explored alternative for computational redesign of transaminases. The only work we are aware of where machine learning is used for transaminases, is that of Jia L. L. et al. (2021), in which machine learning is used to predict enzyme stability. Machine learning applications already implemented in other enzyme systems are prediction of binding energies (Ellingson et al., 2020) or kcat (Li et al., 2022), generation of artificial enzymes (Strokach et al., 2021), enzyme classification (Li et al., 2018), binding site prediction (Zhao et al., 2020), protein scaffolding (Wang et al., 2022), and de novo protein design (Anishchenko et al., 2021). More thorough reviews on the subject are published (Feehan et al., 2021; Ovchinnikov and Huang, 2021). It is to be expected that such methodologies will also be applied in the field of transaminase engineering.
The release of AlphaFold, which is a machine learning pipeline to predict 3D structures of proteins from the sequence alone (Jumper et al., 2021), is a major step forward that brings great benefits to protein engineering of enzymes with no reported crystal structure. Structure-based and computation-supported redesign to expand the substrate scope of ATAs, and enzymes in general, has until recently been limited by the availability of high-resolution crystal structures. A few examples where homology modelling was used to obtain ATA structures to be employed in protein engineering campaigns are mentioned in the text above and in Table 2. However, the accuracy of such structures depends on the availability of a good template, i.e., a close relative of the enzyme in question (Bohnuud et al., 2017). For example, mutation W147G of VfTA had little effect on the substrate range, even though a homology model predicted it to be near the substrate-binding site (Cho et al., 2008). This negative result was explained by the later crystal structure which revealed that W147 was not near the active site (Midelfort et al., 2013). Remarkably, the structures produced by AlphaFold are of near-experimental resolution, with most proteins solved with an accuracy of 0.96 Å (C-α RMSD). AlphaFold multimer, which predicts the structure of homo- or heteromers (Evans et al., 2022) is of particular importance for ATAs because many are dimers or tetramers with binding sites at the interface formed by residues from two subunits. Another application of for AlphaFold would be to discover the substrate scope of enzymes, which may be used to find ATAs with a desired substrate range in genomic databases, instead of engineering. Other methodologies, including algorithms for stability prediction and definition of search space for mutagenesis, can be refined with the help of AlphaFold-produced structures (Zhang Y. et al., 2021). A recent report indicates that an AlphaFold-generated structure can be of sufficient quality to allow structure-based design since the predicted protein-ligand complexes were indistinguishable from their experimentally-determined counterparts (Wong et al., 2022). In June 2022, the AlphaFold team released 200 million protein structures (https://alphafold.ebi.ac.uk/), which essentially covers all catalogued proteins, significantly increasing the number of protein structures available.
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Pseudomonas jessenii

PDB entry/
GenBank
accession number

4E3R
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4A6T
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YP_0033191071

WP_058427106.1

HG799644

AOA6MSGANI

KES23360

6G4B

Reselective, fold type IV

Arthrobacter sp
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altitudinis W3

Exophiala
xenobiotica

Aspergillus terreus

. terreus

terreus

. terreus
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. terreus

3WWH

CPO11150.1

6FTE.

4CES

4CES
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4CES
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B factor and folding free
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introduction of disulfide
bonds
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MISTIC (Mutual
Information Server to Infer
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MISTIC (Mutual
Information Server to Infer
Coevolution)
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39 mutations

K69 + D218P + K304P + R432P; K167P

V124N
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TIGF
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higher sitagliptin production under
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giving 50% activity loss in 15 min
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her half-life (1) at 40°C and
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Source PDB entry/
GenBank
accession

number

Strategy

S-selective, fold type I

Vibrio fluvialis 4E3R high-throughput screening
based on directed evolution

V. fluvialis 4E3R directed evolution based on
crystal structure analysis

V. fluvialis 4E3R directed evolution based on
crystal structure analysis

V. fluvialis 4E3R rational design by analysis of
structural models and
sequence alignment

V. fluvialis 4E3R rational design based on
structure analysis and
phylogenetic analysis by 3DM
software

V. fluvialis 4E3R rational design based on
structure analysis and
phylogenetic analysis by 3DM
software

V. fluvialis 4E3R rational design based on
structure analysis and
phylogenetic analysis by 3DM
software

V. fluvialis 4E3R rational design by analysis of
structural models

V. fluvialis 4E3R rational design by crystal
structure analysis

V. fluvialis 4E3R computational design based
on docking, MD simulations,
scoring by MM/GBSA,
DockingScore and Z-score

V. fluvialis 4E3R computational design based
on docking, MD simulations
and binding energy
calculations

Chromobacterium 4A6T directed evolution base on

violaceum phylogenetic analysis

C. violaceum 4A6T directed evolution by crystal
structure analysis and error-
prone PCR

C. violaceum 4A6T rational design by analysis of
structural models

C. violaceum 4A6T rational design by crystal
structure analysis

C. violaceum 4A6T rational design by crystal
structure analysis

C. violaceum 4A6T rational design by crystal
structure analysis

C. violaceum 4A6T computational design based
on semiempirical quantum
‘mechanics (sQM)

Ochrobactrum 5GHF rational design by analysis of

anthropi structural models

0. anthropi SGHF rational design by analysis of
structural models
rational design by analysis
structural models

0. anthropi 5GHF rational design by crystal
structure analysis for activity
prediction with the analogous
substrate (R-analysis)

0. anthropi 5GHF computational design based
on docking orientation
analysis (Co-Npyp v5. 0 pig
plot)

O. anthropi 5GHF directed evolution based on
crystal structure analysis

Ruegeria 3FCR high-throughput screening

sp. TM1040 based on directed evolution

Rucgeria 3FCR rational design by crystal

sp. TM1040 structure analysis

Rucgeria 3FCR rational design by crystal

sp. TM1040 structure analysis

Pseudomonas 6TB1 computational design based

jessenii on docking and Rosetta
interface energy calculation

Arthrobacter ADA6MSGAN1 rational design by analysis of

citreus structural models

Halomonas 6GWI rational design by analysis of

longata structural models

Paracoccus 4GRX rational design by crystal

denitrificans structure analysis

Paraburkholderia  WP_012402885.1 rational design by analysis of

phymatum structural models

Bacillus MH196528 computational design based

pumilus W3 on the analysis of structural
models, substrate docking and

folding energy calculations

Burkholderia
vietnamiensis G4

YP 001110355.1 high-throughput screening

based on directed evolution

Reselective, fold type IV

Arthrobacter sp  3WWH directed evolution based on
the analysis of structural
models

Arthrobacter sp  3WWH rational design by analysis of
structural models

Arthrobacter sp  3WWH rational design by crystal
structure analysis

Chloroflexi sp RIK47101 directed evolution based on

the analysis of structural
models

directed evolution based on
the analysis of structural
models

Capronia epimyces  XP_007730450

4CE5 directed evolution based on

crystal structure analysis

Aspergillus terreus

Mycobacterium WP_011781668.1 high-throughput screening
vanbaalenii based on directed evolution
Arthrobacter nr rational design by sequence

cumminsii ZJUT212 alignment and analysis of

structural models

Gibberella zeae  XP_011317603.1 rational design by analysis of

structural models

Exophiala 6FTE rational design by crystal
xenobiotica structure analysis and
sequence alignment
Luminiphilus 7P3T rational design by crystal
syltensis structure analysis
Bacillus subtilis  3DAA computational design by
Rosetta calculation and
phylogenetic analysis by 3DM
software
Bacillus subtilis  3DAA rational incorporation of p-

benzoyl phenylalanine (pBpA)
based on crystal structure

*Not reported.
SThe chemical structure of each compound is shown

Figure 2.

Mutations Characteristic References

nr activity and conversion
improvement towards amino

acid 67°

Hwang and
Kim, (2004)

Novick et al.
(2021)

Xiang et al.
(2021)

39 mutations higher conversion in the

production of amino acid 71

FI9H + W57L + F85L +
VI53A + KI63E + Y249F +
N286C + R415K.

FI9W + W57F + F85A +

higher activity and conversion in
the production of amine 33

activity improvement in the Midelfort et al.

R8SK + VIS3A + KIG3F +  synthesis of ester 81 (2013)
1259V + R415F
R415L; amine donor/acceptor spectrum  Genz et al.
WS57F + R415L; towards aliphatic aldehydes (2015)
WS7F + RAI5L + 1417V including 74 and 75
L56V; L561 mutant L56V displayed a higher  Skalden et al.
(R)-enantioselectivity in the (2015)
synthesis of amine 20, mutant L561
displayed a switch in
enantioselectivity from R to S, the
product was switched from amine
20 to amine 18
L56V + W57C + F85V + activity improvement towards Genz et al.
VI53A different bulky amines 10-12 and ~ (2016)
the yield improvement in the
synthesis of different bulky amines
10-12
W57G; W147G activity improvement towards Cho et al.
aliphatic amines 3-8 (2008)
F85L + V153A; YIS0F + activity and conversion Nobili et al.
VI53A improvement in the synthesis of ~ (2015)
amine 9 by mutant FS5L + V153A
and amino alcohol 73 by mutant
YIS0F + VIS3A
FIOW + W57F + F85A + activity improvement in the Sirin et al.
R8SK + VIS3A + KIG3F +  synthesis of ester 78 (2014)

1259V + R415F

WS57F + R88H + V1538 + better activity and improved Dourado et al.

KI63F + I259M + R41SA +  conversion in the synthesis of (2016)
Va22A amine 25

Y153M; activity improvement towards Deszcz et al.
Y1535 amino acid 68 (2015)

L59A + F88A + V234A +
L380A + Y89D + N86H +
Y85M + TI1I + P83$ + K90G
+ S4171 + S424A + F3018 +
G164S + T4525 + MI8OV +
F449L + F320H + Y322T

conversion improvement in the Ma et al. (2022)

synthesis of amine 36

W60C activity improvement towards Cassimiee et al.
amine 13 and ketones 46-54 (2012)

L59A + F88A improved activity and conversion  Land et al.
in the synthesis of bulky amine 14 (2020)

W60C; F8SA + A231F mutant W60C displayed a higher  Humble et al.
enantioselectivity in the synthesis  (2012a)

of amine 13, 21 and 22; mutant
F88A + A231F displayed a switch
in enantioselectivity in the
synthesis of amine 22

L59A yield improvement in the synthesis ~ Sheludko et al.
of amine 9 and 35 (2022)
F8SL + C418L; F88L + C418G  improved activity and better Voss et al.
conversion of ketone 66 (2018)
L57A activity improvement towards keto  Han et al.
acid 86 and amino acid 69, (2015a)
respectively; higher conversion in
the asymmetric synthesis of 69
L57A activity improvement towards Han et al.
various ketones, the conversion (2015b)
improvement in the synthesis of
amine 9
WSSL activity and conversion Han et al.
improvement towards different (2015¢)
ketones
LS7A + W58A + VIS4A activity improvement towards Kim et al.
3 sets of substrates: a-keto acids, ~ (2019)
(8)-arylalkylamines, and arylalkyl
ketones; yield improvement in the
synthesis of amine 10
LS7A + W58A activity improvement in the Han et al.
synthesis of amine 9 (2017)
L57C + M4191 higher activity and conversion in  Zhang et al.
the production of amino acid 72 (2021b)
Y59L + S86A + YS7F + Y152F  higher activity in the kinetic Weiss et al.
+T231A + 1234M + L382M;  resolution of racemic amine 2 by~ (2017)

Y59W + YS7F + Y152F +
T231A + 1234M

variant YS9L + S86A + Y87F +
Y152F + T231A 1234M + L382M;
higher yield of bulky amine 2 by
variant Y59W + Y87F + Y152F +
T231A + 1234M

Y59W + YS7F + Y152F + activity improvement in Kinetic Pavlidis et al.

T231A + P423H; YSOW + resolution of various racemic bulky ~ (2016)
Y87F + YI52F + T231A amines 1517, yield improvement

in the synthesis of various bulky

amines 15-17
Y59W + Y87L + T231A + activity improvement in kinetic ~ Weiss et al.
L382M + G429A resolution of racemic amine 12, (2017)

conversion improvement in the

synthesis of amine 12
W58M + FS6L + R417L; improved yield in the synthesis of ~ Meng et al.
W58G amine 9, 21, 29-32 (2021)
Y331C; V3284 mutant Y331C displayed a higher  Svedendahl

enantioselectivity in the synthesis et al. (2010)
of amine 23, mutant V328A

displayed a switch in

enantioselectivity in the synthesis

of amine 23

W56G; F84A; Y149F; 1258A  conversion improvement towards  Contente et al.

benzaldehyde derivatives and (2016)
acetophenone derivatives

VIS3A activity improvement towards keto  Park et al.
acid 87 (2014)

M7SF + W82A + I284F + higher catalytic efficiency towards ~ Xie et al. (2021)

T440Q ketone 66
1212M + 1215M; Y32L + improved conversion in the Zhai etal.
SI90A + 1212M + 1215M synthesis of amine 26 (2019)
L57A + W5SE + F86M + higher activity towards p-keto Wang et al.
A154S + 1260V esters 82-85 (2021b)
S8P + Y6OF + L61Y + H62 +  higher yield and productivity of  Savile et al.
V65A + V69T + DSIG + amine 1 (2010)
MO4I + 196L + F122M +
S124T + S126T + GI36F +
Y1508 + V152C + AI69L +
V1991 + A209L + G215C +
G217N + $223P + L269P +
L273Y + T282 + A284G +
2975 + $321P
V69A + F122C + 1157H + a switch in enantioselectivity from  Liu et al.
F225H Sto R, the product was switched  (2021b)
from amino alcohol 79 to amino
alcohol 80
VIOOW + $223P activity improvement towards Han et al.
ketone 45 (2021)
Q926G activity improvement towards Wang et al.
amine 27 (2021a)
F113T higher activity and conversion in Jia et al. (2022)

the synthesis of amino acid 73

HS5A + GI26F + $215P activity and conversion Gao et al.
improvement in the synthesis of  (2020)
amino alcohol 77

G68Y + FI129A activity improvement towards six  Cheng et al.
different prochiral ketones (2020b)
including 40-45

Mi22H higher yield and productivity of ~ Cheng et al.
amine 28 (2020a)

S214A + F113L + V60A ‘higher activity towards keto acids  Jia etal. (2021a)

88-92
T2738 activity and conversion Telzerow et al.
improvement towards various (2019)
biaryl ketones 55-64
V37A higher activity towards amine 34 Konia et al.
(2021)
Y31F + H8GF + Y88F + higher activity towards amine 27 Voss et al.
HIO0L + S180A + T2421 (2020)

F88pBpA higher activity towards aldehyde 76 Pagar et al.

and amine 27, 34, 37-39 (2022)
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