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Abstract 

 Understanding and manipulating enzyme specificit y are critical to drug 

development. In the past two decades, directed evolution has been proven a successful 

methodology to ob tain enzyme variants with a desired and oftentimes new-to-nature 

function . However, m ost directed evolution strategies aim at a single trai t. As a result, 

even for similar  favorable specificit ies, siloed and repeated evolution efforts in lab are 

required.  Meanwhile, there remains a lack of understanding of how new specificities 

emerge in evolut ion and how d ifferent specificities trade off . Here, we reviewed  protein 

sequence-activity  relationship studies with diversifie d phenotypic measurements. We 

tied our stu dies around R. trifolii  MatB, a malonyl -CoA synthetase. We developed 

multi agent screening, a novel directed evolution strategy that efficiently evolves 

enzymes toward multiple specificit ies. Analysis of mutations identified revealed that 

distant specificity -alterin g mutations are destabilizing and dissociating side-chain 

interactions between remote residues. Moreover, we generated a multi -substrate fitness 

landscape of MatB. The data revealed distinct patterns of substrate-specific effects 

between active site and surface mutations, which elucidate the mechanism of how MatB 

accommodates structurally diverse substrates. A comprehensive mapping of 

evolutionary trajectories also indicated that structurally distinct subs trates are more 

synergistic in multi agent screening. Lastly, we evaluated a few protein language models 
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as variant fi tness predictor s and sequence representation methods on our data. We 

highlighted the difficulty of obtaining a model that effectively leverages informati on 

from multiple specificities.  Together, our study improves understanding of enzyme 

promi scuity and paves the way for fut ure protein sequence-activity studies with  

multip le specificities. 
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1. Introduction  

Proteins are biomacromolecules that display diverse functions(Hyams et al. 

1996). Oftentimes, proteins have promiscuous functions , or at least possess the potential 

to evolve to perfor m a function different from its original biological role (Aharoni et al. 

2005; Leveson-Gower, Mayer, and Roelfes 2019). Understanding how protein s evolve to 

acquire novel functions is a research topic that attracts thorough interest(G. Yang, Miton, 

and Tokur iki 2020). Mor eover, directed evolution that leverag es the evolvability of 

proteins has led to the creation of proteins with new-to-nature functions  with industrial 

and clinical importance (Arnold 2018; Huffman et al. 2019; H. Zhao, Chockalingam, and 

Chen 2002). However, there remains a gap in knowledge about what factors limit  or 

drive  the emergence of a novel function. As a result, directed evolutio n has been siloed 

and serendipitous  efforts toward indiv idual d esired functions(McDonald, Higgins, and 

Buller 2022). Additionally, there has been a lack of insights into how promiscuous 

functions correlate or trade off. This dissertation has been focuses on addressing these 

gaps in knowledge and technology. 

In Chapter 2, I reviewed protein fi tness landscape studies with divers e 

phenotypic measurements. I highl ight ed the sequence space design of existing studies 

and discussed selected studies with diverse phenotypic measurements with an emphasis 

on the benefits and addit ional insights they provide.  I fu rther  discuss the technical 
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challenges that current methodologies face, and conclude with technological advances 

that may make parallel  phenotyping more commonplace.  

In Chapter 3, I addressed the use of multiple  substrate analogs to impro ve the 

efficiency of directed enzyme evolution  by evolving R.trifolii  MatB toward 18 structural 

analogs of malonate in parallel . This Chapter demonstrates that incorporating multiple 

substrate analogs leads to the discovery of a broader set of specificity -altering mutations  

that are epistatically beneficial to the primary subst rate of interest. Notably, an 

alternative substrate often caused mutations to show altered effects and altered types of 

epistatic interactions, thus can bridge the fitn ess valleys that are caused by reciprocal 

sign epistasis and that are blocking evolutionary trajectories  on the substrate of primary 

interest. This work has been published in ACS Synthetic Biology : 

 

Yang, Tian, Zhixia Ye, and Mich ael D. Lynch. ɆɁ,ÜÓÛÐÈÎÌÕÛɂɯ2ÊÙÌÌÕÐÕÎɯ(mproves 

Directed Enzyme Evolution by Identifying Epistatic Mutations." ACS Synthetic Biology 

11.5 (2022): 1971-1983. https://doi.org/10.1021/acssynbio.2c00136. 

 

In Chapter 4, I investigated the mechanism of the specificity -altering  mutations 

identified in Chapter 3. This Chapter demonstrates that active-site mutation s alter the 

shape and electrostatic properties of the substrate binding pocket of MatB. More 

importantly , the specificity -altering mutation s that are distant from the active sites are 



 

3 

disrupting stabili zing side-chain interactions between remote residues, and were 

experimentally confirmed  to make the enzyme more conformationally flexible. I fu rther 

investigated the relationship between thermostabili ty and substrate promis cuity  on the 

best MatB recombinants we obtained and on a few external datasets. Our result 

modestly supports the hypothesis that thermostable variants are more like ly to be 

broadly active  and that selective variants might only be f ound among the less 

thermostable variants. This work provid es insights into the biophysical underpinnings 

of substrate promiscuity of enzymes and may benefit the li brary d esign of future 

directed evolution program s. 

In Chapter 5, I generated a multi -substrate combinatorial fitness landscape of 

MatB. Analyses of mutation effects encompassing this landscape uncovered the distin ct 

pattern of substrate dependence between active site and distal mutations and revealed 

mechanistic insights into how MatB accommodates  diverse structural analogs. 

Moreover , by mapping  out the available adaptive paths on all substrates, we ident ified  

two  modes of how incorporating structural  analogs benefits laboratory enzyme 

evolution  and quantif ied the magnitude of the benefits  under di fferent evolut ion 

strategies. Notably , we found t hat structural ly distinct su bstrates provide  better 

evolutionary outcomes , defying the current practi ce of ȿsubstrate walkingɀ where only 

structurally sim ilar analogs are utilized . This work provides  an example of fitness 
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landscape data with multiplexed ph enotype measurements that improve our 

understandings of enzyme promiscuity . 

In Chapter 6, I evaluated a few ×ÙÖÛÌÐÕɯÓÈÕÎÜÈÎÌɯÔÖËÌÓÚɀɯ×ÌÙÍÖÙÔÈÕÊÌɯÈÚɯ

unsupervised variant  fitness predictors and supervised sequence representation 

methods on the multi -substrate combinatorial  fitness landscape I generated in Chapter 5. 

Our results demonstrate the inability of cur rent models to capture the sequence context-

dependent nature of mutation effects and to extend to non-native specificities as 

unsupervised v ariant fitne ss predictors. While embeddings from protein language 

models can benefit model performance in individual  tasks, we found that multiple -

substrate models struggle to outperform single -substrate baselines, highlighting the 

difficulty  to learn the interaction  between sequence and substrate. This work  is a step 

forward to learning compatibility  between enzyme and substrate and calls for better 

model designs and strategies to jointly embed sequence and substrate information for 

the machine learning of enzyme promiscuity.  

Apart from the work discussed in  these Chapters, I also contributed significant ly 

to additional s tudies during my Ph.D. training , which resulted in the followi ng 

publications:  

  

,ÌÕÈÊÏÖɪ,ÌÓÎÈÙȮɯ1ÖÔÌl, Zhixia Ye, Eirik A. Moreb , Tian Yang , John P. Efromson, John 

S. Decker, Ruixin Wang, and ,ÐÊÏÈÌÓɯ#ȭɯ+àÕÊÏȭɯɆ2ÊÈÓÈÉÓÌȮɯÛÞÖɪÚÛÈÎÌȮɯÈÜÛÖÐÕËÜÊÛÐÖÕɯÖÍɯ
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recombinant protein expression in E. coli utilizing phosphate deplet ion." Biotechnology 

and Bioengineering 117, no. 9 (2020): 2715-2727. 

 

 

,ÌÕÈÊÏÖɪ,ÌÓÎÈÙȮɯ1ÖÔÌÓȮɯ$ÐÙÐÒɯ ȭɯ,ÖÙÌÉȮɯ)ÖÏÕɯ/ȭɯ$ÍÙÖÔÚÖÕȮɯTian Yang, Jennifer N. 

'ÌÕÕÐÎÈÕȮɯ1ÜÐßÐÕɯ6ÈÕÎȮɯÈÕËɯ,ÐÊÏÈÌÓɯ#ȭɯ+àÕÊÏȭɯɆ(Ô×ÙÖÝÌËɯÛÞÖɪÚÛÈÎÌɯ×ÙÖÛÌÐÕɯ

expression and purification via autoinduction of bo th autolysis and auto DNA/RNA 

hydrolysis conferred by phage lysozyme and DNA/RNA endonuclease." Biotechnology 

and bioengineering 117, no. 9 (2020): 2852-2860. 

 

Rios, Jeovanna, Juliana Lebeau, Tian Yang, Shuai Li, and Michael D. Lynch. "A  critical 

review on  the progress and challenges to a more sustainable, cost competitive synthesis 

of adipic acid." Green Chemistry 23, no. 9 (2021): 3172-3190. 

 

Li, Shuai, Zhixia Ye, Eirik A. Moreb, Jennifer N. Hennigan, Daniel Baez Castellanos, 

Tian Yang , and Michael D. Lyn ch. "Dynamic control over feedback regulatory 

mechanisms improves NADPH flux and xylitol biosynthesis in engineered E. coli." 

Metabolic Engineering 64 (2021): 26-40. 
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Menacho-Melgar, Romel, Tian Yang , and Michael D. Lynch. "Instant Taq: Rapid 

Aut oinducible  Expression and Chromatography -free Purification of Taq polymerase." 

bioRxiv (2021): 2021-0
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2. Diversifying the Phenotypic Dimension of Protein 
Fitness Landscapes 

2.1 Introduction 

The study of the protein fitness landscape has made great advances in recent 

years. Generally, these studies seek to map out the relationship between phenotypes and 

genotypes of a given scope of protein sequences often linked by single mutation or 

combination of mutat ions. Such fitness landscapes have improved our un derstanding of  

fundamentals of protein function and yielded insights into protein  evolutionary 

dynamics(Starr and Thornton 2016; Canale et al. 2018). More importantly, they have 

become critical resources to guide protein engineering campaigns (Wrenbeck, Faber, and 

Whitehead 2017) and fuel the development of machine learning methods for protein 

sequence activity relationships  (Hsu et al. 2022; Gelman et al. 2021; Freschlin, Fahlberg, 

and Romero 2022) (Figure 1).  

In this perspective, we will highlight a few selected fitness landscape studies in 

the past few years with a part icular focus on the studies that have diverse phenotypic 

measurements, such as multiple specificities or measurements under varying conditions 

and environments. We wi ll examin e their sequence space architecture as well as the 

impact of having diverse pheno types in parallel. Lastly, we will con sider the challenges 

of carrying out such studies, and provide our perspectives on how and where 

technological advances will lead the field in the n ext few years. 
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Figure 1: Overview of fit ness landscape studies.  (left) the phenotype of choice 

of a selected sequence scope can be measured through various types of assays, in 

parallel with sequencing to gen otype. (mi ddle) The  resulting fitness landscape data 

will be the mapping of the phenoty pe data to the sequence of each variant. (right) 

such data could be useful resources for studying protein evolutionary dynamics, to 

guide pro tein engineering, and to bui ld predict ive model s of protein sequence 

activity relationship.  

2.2 Sequence Space Design of Fitness Landscape Studies 

One of the most important features of a fitness landscape study is its sequence 

space architecture, by which we refer to the inner struct ure of how sequence variants are 

related to each other. The sequence space architecture largely determines the type of 

insights that can be revealed by the study. Typically, the sequence space architecture 

could be defined by the number of residues covered (N), the number of  amino acids 

considered at each residue (m), and the order of combinations of mutations (n). 

Together, these three factors also determine the number of variants included in a fitness 

landscape (S) study by the following formula:  
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Equation  1: Sequence space calculation  

 

However, when the three factors are expanded at the same time, the sequence 

space will grow astronomically and rapidly become  experimentally intractable. Due to 

the limitation of assay throughput, these factors trade off with each other (Figure 2a) and 

confer the categorization of different  studies as described below. 

2.2.1 Single Mutation Landscapes 

Single mutation landscape targets to evaluate all possible single mutants of a 

given protein sequence. As it does not seek to address combinations of mutations, these 

studies could afford a very broad coverage of amino acid residues while maintaining an 

modest sequence space that could be handled either by microtiter plate assays or deep 

mutational scanning (Figure 2a), a favorable combination that gained it immense 

popularity. In the past de cade, there have been many single mutation landscapes 

generated for a number of proteins of great importance, ranging from antibiotic -

resistance genes(Firnberg et al. 2016), industrially relevant enzymes(Klesmith et al. 

2015), to key protein in SARS-COV2(Flynn et al. 2022; Starr et al. 2022; Greaney et al. 

2021), and can also be used for the study of diverse protein properti es such as 

thermostability (Nisthal et al. 2019) and evolvability (Stiffler, Hekstra, and Ranganathan 

2015). 
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Figure 2: Solution space of fitness landscapes study  designs constrained by 

throughput   with regard to the number of residues covered (N), the number of amino 

acids considered at each residue (m), and the order of combinations (n) . (a) a 3D 

representation of the diagram showing the solution space when cap ping sequence 

space at 10^8. Each scatter is a unique solution. Color indicates the log10 of  
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throughput needed.  (b) Solutio n space when fixing m at 2. 2^N landscapes can go up 

to about 25 residues. X-axis is in log scale (c) Solution space when fixing m at  20. 20^N 

landscapes can go up to about 6 residues. At 500 residues, the single mutation 

landscape is tractable, while the pairwise epistatic landscape is approaching the 

upper limit. Sequence space design with a higher order of combination can only 

target a drastically smaller scope of residues. X -axis is in log scale.  

2.2.2 Pairwise Epistatic Landscapes 

Similar t o the single mutation landscape, pairwise epistatic landscapes is a class 

of fitness landscapes that targets not only all single mutations, but also the pairwise 

combinations of all single mutations (i.e. all double m utants). These landscapes are 

powerful for revealing pairwise epistasis, the phenomenon where ÈɯÔÜÛÈÛÐÖÕɀÚɯÌÍÍÌÊÛɯÐs 

dependent on the presence of another mutation. Pairwise epistasis plays a crit ical role in 

protein evolution through determining the rugged ness of the local fitness landscape 

(Bank et al. 2015). The spatial pattern of pairwise epistasis also contains information 

about the physical proximity between residu es (Melamed et al. 2013), and can be used to 

infer the 3D structu re of proteins (Rollins et al. 2019; Schmiedel and Lehner 2019). The 

rich fitness data can also help wit h understanding the biophysical underpinning of 

protein functions  (Olson, Wu, and Sun 2014; Araya et al. 2012). Despite these 

advantages, the inclusion of double mutants requires a significant increase in assay 

throughput (Figure 2 a). To date, pairwise epistatic landscapes have been rare compared 

to single mutation landscapes, and have been limited either to a small set of mutations 

(Bank et al. 2015) or to a constrained protein doma in (Olson, Wu, and Sun 2014; Araya et 
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al. 2012), and it is often dif ficult to achieve a near-full coverage of double mutants  

(Rollins et al. 2019). 

2.2.3 2^N Combinatorial Landscapes 

To assess high-order interactions between mutat ions, an order of combination of 

greater than two must be impl emented. However, such implementation would generally 

lead to combinatorial explosion of th e sequence space to address, thus becoming 

experimentally intractable. To alleviate the experimental burden, researchers could 

apply a condensed alphabet of amino acids to target at each residue to trade for a larger 

scope of residues to interrogate. In the classical 2^N landscape paradigm, researchers 

would carefully pick a handful of mu tations, often according to phylogenetic 

information or prior low order fitness l andscape studies, and only consider the 

combinations of these mutations. Theoretically, when considering only 2 amino acids at 

each residue, up to about 25 residues could be covered given the current state of the art 

high -throughput setup (Figure 2b).  

The 2^N architecture is powerful at illuminating details of high -order 

interactions between mutations and how they constrain protein evolution. For example, 

Weinrich  et al. characterized the complete combinations of five mutations that lead to 

high antibiotic  resistance on a beta-lactamase(Weinreich et al. 2006). The study showed 

that the available direct path toward  the fitness peak is limi ted due to pleiotropy of 

fitness effects. Palmer et al. observed that high-order epistasis enables the adaptation 
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through indirect paths and can cause delayed commitment  on a multi -peak fitness 

landscape of dihydrofolate reductase(Palmer et al. 2015). Poelwijk et  al. measure the 

fluorescence of all combinations of 13 mutations bridging a blue fluorescent protein and 

a red fluorescent protein (Poelwijk, Socol ich, and Ranganathan 2019). The study 

highlighted both the sp arsity of sign ificant epistatic interactions as well as the high 

contributi on of higher-order epistatic interactions to fitness. In general, these studies can 

provide a much deeper perspective on evolution and can be handled at modest 

throughput.   

2.2.4 20^N Combinatorial Landscapes 

To address the high-order interactions between mutations that involve a more 

complete amino acid alphabet, the scope of residue needs to be dramatically reduced. In 

the 20^N combinatorial landscape paradigm, all orders of combin ations of all types of 

amino acids will be considered. Such a condensed and zoomed-in mapping can only be 

applied to a small number of residues due to limitation of throughput  (Figure 2c). As a 

prominent example, Wu et al. mapped out such a fitness landscape targeting 4 highly 

epistatic residues on GB1(N. C. Wu et al. 2016). The study revealed for the first time that 

fitness valleys caused by reciprocal sign epistasis could be circumvented by an extra-

dimensional bypass. Moreover, Scheele et al. deployed an ultra -high -throughput 

droplet -based screening approach toward six residues of the D domain of a mitogen-

activated protein kinase kinase (MKK)  (Scheele et al. 2022). The study highlighted that  
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widesp read positive epistasis widens the active sequence space by rescuing detrimental 

point mutationÚȭɯ3ÏÌɯÚÛÜËàɯÈÓÚÖɯÐËÌÕÛÐÍÐÌËɯÈɯÍÓÌßÐÉÓàɯ×ÓÈÊÌËɯ͖-X-͖ɯÔÖÛÐÍɯÛÏÈÛɯËÖÔÐÕÈÛÌÚɯ

ÛÏÌɯÒÐÕÈÚÌɀÚɯÍÜÕÊÛÐÖÕȭɯ3ÏÌɯÏÐÎÏÓàɯÈÊÛÐÝÌɯÝÈÙÐÈÕÛÚɯÈÙÌɯÞÌÓÓ-connected, and are organized 

into ÈɯɁÕÌÜÛÙÈÓɯÙÐËÎÌɂɯÛÏÈÛɯ×ÌÙÔÌÈÛÌÚɯÛÏÙÖÜÎÏɯËÐÍÍÌÙÌÕÛɯÙÌÎÐÖÕÚɯÈÊÙÖÚÚɯÛÏÌɯÚÌØÜÌnce 

space. Such detailed insights into the high -dimensional sequence space can only be 

revealed by the 20^N design. 

2.2.5 Natural Sequences 

Another unique class of sequence space design for fitness landscapes is natural 

sequences, where researchers queued sequences from metagenomic samples(Colin et al. 

2015) or natural evoluti onary pathways (Gong, Suchard, and Bloom 2013) and performed 

functional profiling. Such a design would enrich  folded and functional sequences and 

could be useful for learning  evolutionary constraints (Gong, Suchard, and Bloom 2013) 

and sequence-function relationships (Goldman et al. 2022). However, natural sequences 

have sparse interconnections and are biased toward natural physiological functions and 

conditions, thus making it hard to understand mutation  effects due to varying sequence 

contexts and impairs the generalization to non-natural functi ons and conditions.   

2.3 Fitness Landscapes with Diversified Phenotype 
Measurements 

While the growth of fitness landscape studies greatly improved our 

understandi ng of protein functio n and evolution from multiple persp ectives, most 

fitness landscape studies only focus on one phenotype. This is potentially due to the 
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massive sequence scope to address can make it very difficult to multiplex on multiple 

phenotypes. Nevertheless, crucial understandings of protein often rely  on quantifying 

multiple phenoty pes, such as the emergence of new functions, enzyme promiscuity, and 

trade-off between thermostability and protein function (Figure 3). In this section, we will 

discuss fitness landscapes that have diversified phenotype measurements, with a special 

focus on the unique i nsights that fitness landscapes with a single phenotype cannot 

provide. Please refer to Table 1 for a summary of all selected studies in this section. 

 

Figure 3: Fitness landscape studies with diversified phenotype measurements.   

(left) many existing fitness landscape studies are single -objective, which can be 

biased toward the selected sequence or environmental context, and provi de less 

information compar ed to fitness landscape studies with diversified phenotypes 

(right). These studies can provide insights into the relationship between different 

protein properties, the emergence of novel functions, and can serve as dense data for 

protein  function modeling.  However, these studies often require more screening 

efforts, and thus have more constrained sequence scopes. 

2.3.1 Diverse Specificities 

Many proteins have promiscuous functions, or at least have the potential to 

evolve to perfor m a function different fro m its native biological role. Thus, it is very 
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important to understand how a  protein evolves to acquire a new function and how these 

functions correlate. Quantifying the fitness landscape of a protein on mul tiple 

specificities can help deepen such understandings. Many of these studies are carried out 

on antibiotic resistance genes for its clinical relevance and the ease of establishing a 

selection assay for deep sequencing.  For example, Melnikov et al. performed deep 

mutational scanning on all single mutatÐÖÕÚɯÖÍɯ /'ȹƗɛȺ((ȮɯÈɯÒÐÕÈÚÌɯÛÏÈÛɯÊÖÕÍÌÙÚɯÙÌÚÐÚÛÈÕÊÌɯ

to aminoglycoside antibi otics on multiple antibiotics (Melnikov et al. 2014). The studies 

showed that f itn ess effects of mutations are largely correlated across different substrates 

for most residues, but were able to identify a handful of specificity -determining residues 

flanking the active site. The knowledge learned was used to successfully engineer 

enzyme variants with orthogonal subs trate specificities. Chen et al. characterized the 

single mutation landscape of VIM -2, a broad spectrum metallo-beta-lactamase, on three 

distinct classes of antibiotics(John Z. Chen, Fowler, and Tokuriki 2020). The studies 

again demonstrated the enrichment of specificity -determining residues near the active 

site, but also revealed each substrate has a unique positional preference for specificity 

conferrin g residues. 

Multi -substrate single mutation landscapes can also help with the engineering 

and design of enzymes with synthetic utility. Van der Meer et al. characterized the 

activities of all single mutants of a 4-oxalocrotonate tautomerase on multiple 

acetaldehyde substrates(van der Meer et al. 2016). The information was used to guide 
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the design of two combinatorial mutant Michaelases that are enantiocomplementary. 

Wrenbeck et al. characterized the single mutation landscape of an industrially relevant 

aliphatic amide hydrolase on  three substrates and illustrated that specificity -

determining mutations are globally distributed for this enzyme(Wrenbeck, Azouz, and 

Whitehead 2017). The study  also showcases that fitness landscapes correlate better on 

substrates that are more structurally similar.  

Table 1: All selected studies with diversified phenotypic measurements . 

Gene Application s Sequence 

Design 
Diversified 

Phenotypes 
Reference 

 /'ȹƗɛȺ(I kinase Aminoglycoside 

antibiotic 

resistance 

Single 

Mutation s 
Substrates; 
Concentrations 

(Melnikov et 

al. 2014) 

VIM -2 Beta-lactam  

antibiotic 

resistance 

Single 

Mutation s 
Substrates; 
Temperatures; 

Concentrations 

(John Z. Chen, 

Fowler, and 

Tokuriki 2020; 

J. Z. Chen, 

Fowler , and 

Tokuriki 2022) 

4-oxalocrotonate 

tautomerase 
Michael-type  

addition reaction 

Single 

Mutation s 
Substrates (van der Meer 

et al. 2016) 

Aliphatic  

amide hydrolas e 
Amide hydro lysis Single 

Mutation s 
Substrates; 

Initial Folding   

Probabilit y 

(Wrenbeck, 

Azouz,  and 

Whitehead 

2017) 

Methyl -parathion 

hydrolase 
Organophosphate 

hydrolysi s 
2^N  Substrates; 

Metal cofactors 
(G. Yang et al. 

2019) 

Esterase Ester hydrolysi s Natural 

Sequences 
Substrates (Martínez -

Martíne z et al. 
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2018) 

Glycosyltransfera

ses 
Glycosyl transfer Natural 

Sequences 
Substrates (M. Yang et al. 

2018) 

Flavin -dependent 

halogenases 
Carbon-halogen  

bond forma tion 
Natural 

Sequences 
Substrates (Fisher et al. 

2019) 

Phosphatases Phosphoryl 

transfer 
Natural 

Sequences 
Substrates (Huang et al. 

2015) 

OleA thiolase Claisen 

condensation 
Natural 

Sequences 
Substrates (Robinson et 

al. 2020) 

BKACE ϕ-keto acid  

cleavage 
Natur al 

Sequences 
Substrates (Bastard et al. 

2014) 

Kinase Phosphorylatio n Natural 

Sequences 
Inhibitor s (Davis et al. 

2011) 

Ni trilase Nitrile compounds  

hydrolysi s 
Natural 

Sequences 
Substrates (Black et al. 

2015) 

Aminot ransferase Amide hydrolysi s Natural 

Sequences 
Substrates (Li et al. 2020) 

Ubiquiti n Chemical stress  

management 

Single 

Mutation s 
Environmental 

stress 
(Mavor  et al. 

2016, 2018) 

Dihydrofolate 

reductase 
Folate metabolism Single 

Mutation s 
Cellular 

contexts 

(protease) 

(Thompson et 

al. 2020) 

Glycosidase Glycosidic 

hydr olysis 
Single 

Mutation s 
Activity ; 

Thermostabilit

y 

(Romero, Tran, 

and Abate 

2015) 

TEM-1  

beta-lactamase 
Beta-lactam  

antibiotic 

resistance 

Single 

Mutation s 
Activity ; 

Solubilit y 
(Klesmith et al. 

2017) 

Levoglucosan Levoglucosan Single Activity ; (Klesmith et al. 
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kinase phosphorylatio n Mutation s Solubilit y 2017) 

 

Despite single mutatio n landscapes, 2^N combinatorial landscapes could also 

provide novel insights when multiplexed on multip le substrates. Yang et al. identified 5 

mutations that are sufficient to transform a methyl -parathion hydrolase into a xenobiotic 

organophosphate hydrola se and examined all 32 combinations of these mutations 

against 5 substrates(G. Yang et al. 2019). The result revealed the scarcity of adaptive 

paths toward novel specificities constrained by hig her-order epistasis as well as 

highlighted the similarity of adaptive landscapes and epistatic interactions between 

simil ar substrates. 

Natural enzyme family screens provide additional  repertoire for sequence-

function data with multiple specificities. For example, Goldman et al. curated 9 high 

quality family -wide enzyme-specificity datasets(Goldman et al. 2022). The author used 

these datasets to evaluate the ability of state-of-the-art compound -protein in teraction 

models to generalize across sequences and substates. 

2.3.2 Diverse Environmental Factors 

Fitness landscapes can also be multiplexed under varying experimental 

conditions or envi ronmental factors. For example, Melnikov et al. performed deep 

mutati onal sÊÈÕÕÐÕÎɯÖÍɯ /'ȹƗɛȺ((ɯÜÕËÌÙɯÝÈÙàÐÕÎɯÈÕÛÐÉÐÖÛÐÊɯconcentrations(Melnikov et 

al. 2014). The study shows that mutati onal tolerance is highly dependent on the selection 
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pressure, and identified the discrepancy between natural sequence conservation and 

empirical tolerance of mutatio ns, which suggests that natural enzymes may go through 

selection of a different substrate.  Chen et al. conducted deep mutational scanning of 

VIM -2 across 7 different ampicillin concentrations (J. Z. Chen, Fowler, and Tokuriki 

2022). The diverse conditions allowed the authors to model the EC50 of each variant, 

offer an empirical examination on the dynamics of sub -MIC selection of advantageous 

mutants, and illustrate the environment -dependent emergence of non-specific epistasis. 

Beyond substrate concentration, Anderson et al. characterized a 2̂ N landscape 

of a methyl-parathion hydrolase multiplexed on eight different metal 

cofactors(Anderson et al. 2021), and illustrated the dramatic dependence of epistatic 

interactions and adaptive landscapes on the type of metal cofactor that the enzyme 

binds to. Mavor et al. determined the single mutation fitness landscape of the cell stress 

managing protein ubiquiti n under different chemical stress induced by small 

molecules(Mavor et al. 2016, 2018). The study demonstrated that environmental stress 

could sensitize ubiquitin to mutations tha t are otherwise tolerable, which provided an 

explanation to  the strong conservation of ubiquitin across species. Thompson et al. 

reported that the single mutation landscape of dihydrofolate reductase shifted 

drastically upon the introduction of the quality -control protease Lon(Thompson et al. 

2020), highlighting the dependence of fitness landscape on cellular context. 
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2.3.3 Diverse Biophysical Properties 

Protein folding plays an importa nt role in protein function. Understanding the 

relationship between protein functio n and its biophysical properties such as 

thermostability has been a long-standing challenge. Due to their close relationship, 

sometimes biophysical properties can be directly inferred from fitness landscape 

data(Olson, Wu, and Sun 2014; Araya et al. 2012), or vice versa(Jacquier et al. 2013; 

Dandage et al. 2018). Biophysical propertie s could also be the primary phenotype of 

interest in a fitness landscape study(Nisthal et al. 2019; Guo et al. 2021). Here we focus 

our discussion on fitness landscapes carried under varying physical conditions, or have 

biophysical properties measured in parallel with other phe notypes. 

The biophysical impact of mutations could be assessed by measuring fitness 

under different physical conditions. Chen et al. performed deep mutational  scanning of 

VIM -2 under two different temperatures. The study demonstrated that fitness effects 

could be dependent on temperature, and that residues that have a temperature-

dependent mutational tolerance are enriched in the hydrophobic core of the protein  and 

are more likely to be involved with protein stability and folding (John Z. Chen, Fowler, 

and Tokuriki 2020). Faber et al. queried the single mutation fitness landscapes of an 

aliphatic amidase on two computationally designed destabilized single mutants (Faber et 

al. 2019). The study remarks that mutation effects are largely insensitive to initial folding 
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probability, but fou nd that mutations that show positive sign epista sis with th e two 

destabilizing mutations are spati ally segregated and specific to the genetic background. 

Alternatively, biop hysical properties could be assayed directly on a massive 

sequence scope. Romero et al subjected a heat challenge to droplet-based deep 

mutati onal scanning of Bgl3, thus allowing th e enrichment and identification of 

thermostabilizing point mutations (Romero, Tran, and Abate 2015). Similarly, Klesmith 

et al. established two screens that could gauge protein solubility, each based on yeast 

surface display and twin -arginine tra nslocation(Klesmith et al. 2017). The authors 

performed deep mutational scann ing on TEM-1 beta-lactamase and levoglucosan kinase 

with their methods and found that mutations th at improve catalytic activity and protein 

solubility at the same time are extremely rare . 

Taken together, fitness landscapes with diverse phenotypic measurements 

provide much more comprehensive insights into trade -off or correlation between 

specificities, environmental dependence of phenotype genotype relationship, and the 

relationship between biophysical properties and protein functions. In contrast, we have 

found that studies that are multiplexed on diverse phenotypes are comparatively rare. 

Collectively,  these studies also indicate that the popular study design with a single 

phenotype may confer bias. Moreover, we were unable to find any studies that have a 

more sophisticated sequence space design of pairwise epistatic landscape or 20^N 

combinatorial land scapes to have multiple phenotypes, potentially due to the limitation 
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of assay throughpu t. We expect that technological advances will fill the gap in the next  

few years, which will be detailed in the next section.  

2.4 Methodological Advances and Current Opportunities 

2.4.1 Specialized Applications of NGS and Microfluidic Devices 

In recent years, technological advances such as deep sequencing and 

fluorescence-activated cell sorting have unlocked a growing body of insightful fitness 

landscape studies. However, it is worth noticing that such platforms required the 

linkage between the phenotype and the physical enrichment of the genotype, often 

through growth or sur vival advantages, protein display technologies, and fluorescence-

based sorting. Such a linkage could be difficult to establish for the vast majority of 

enzymes. Methodological advances in massive genotyping of more diverse types of 

protein function are in need. Gielen et al. first developed an ultra-high -throughput 

absorbance-activated droplet -sorting (AADS) method that expanded the scope of 

droplet sorting toward more common place colorimetric assays(Gielen et al. 2016). The 

method has since been improved to become faster and more accurate(Medcalf et al. 

2023), and applied to directed enzyme evolution in combination with nov el long-read 

sequencing technology(Zurek et al. 2020). 

On the other hand, traditional directed evol ution campaigns that r ely on high -

throughpu t screening assays conveniently generate a large amount of fitness data, but 

only the mutants with the highest fitness are sequenced, which results in a huge waste of 



 

24 

phenotyping effort.  To address the gap, Wittman et al. developed evSeq, an low-cost, 

easy-to-use NGS-based genotyping method that  slots into the current workflow of 

directed evolution conveniently (Wittmann et al. 2022). evSeq created an amplicon of the 

gene of interest with dual -indexed barcodes that could be parsed by the accompanying 

software to map the variant sequence back to its plate location, thus linking it to the 

microtiter plate activity readout. The workflow utilizes multiplexed NGS services t hat 

are accessible through many sequencing vendors, and can bring the cost of sequencing 

every variant in a high -throughput screening assay down to as low as $0.01 per variant.  

In summary, we expect that the emerging applications of NGS and microfluidic 

devices tailored to more diverse protein fitness quantification approaches l ike AADS 

and evSeq would greatly benefit our understanding toward more proteins wit h 

significant industrial, medicinal, and environmental potentials that are not yet realized 

due to current methodological constraints.  

2.4.2 Parallel Measurements of Diverse Phenotypes 

As mentioned above, it is arguably f avorable to measure multiple phenot ypes in 

parallel with regard to a comparatively large sequence scope. However, measuring 

multiple phenotypes introduces extra complexities and considerations. For example, 

phenotyping on mu ltiple substrates can be perform ed iteratively. Nai vely, the number  

of assays will scale linearly with the number of substrates  (Figure 4a). Therefore, due to 

the limitation of assay throughput, the scope of sequence space could be further 
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constrained as the number of substrates increases. As a result, profiling specifici ty on 

multiple substrates is a common practice for directed evolution, but only for the variants 

with the highest fitness in single substrate screening. To circumvent the li mitations, 

Yang et al developed multiagent s creening, a three-step pooling -based method that 

efficiently screens multiple substrates in parallel (T. Yang, Ye, and Lynch 2022). By 

pooling and  then separating both mutants and substrates, the method manages to 

reduce the number of assays by more than 10-fold when screening malon yl -CoA 

synthetase against 18 native substrate analogs (Figure 4b).  

 

 

Figure 4:  Strategies to multiplex phenotype  measurements.  (a) a naive 

iterative strategy. (b) iterative measurement given the multiagent se tting (assuming 

the same reduction fold as in Yang et al.(T. Yang, Ye, and Lynch 2022)). (c) competitive 

strategy. (d) the affordable sequence scope of differen t strategies when capping 
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screening effort to 10^4 assays. The sequence scope is rapidly depleted when 

deploying a naive it erative strategy (blue). The depletion is slowed down via a 

multiagent strategy (orange). The competitive strategy theoretically enab les 

insensitivity to the number of phenotypes to multiplex (green).  

An alternative to iterative measurement is competitive measurement, where the 

substrates are assayed in competition in a cocktail. By carefully maintaining the initial 

velocity condition, the abundance of product formed in a  competitive assay is 

proportional to the catal ytic efficiency (kcat/Km) toward each substrate, which is a 

biochemically meaningful metric of the enzyme. Thus, the fitness towards multiple 

substrates could be determined in a single assay (Figure 4c). The competitive 

measurement setting theoretically makes screening effort insensitive to the number of 

phenotypes to multiplex, which is an utterly favorable characteristic (Figure 4d). For 

example, McDonald et al. developed Substrate Multiplexed Screening (SUMS), a LC-MS 

based approach that profiles an enzymÌɯÝÈÙÐÈÕÛɀÚɯÚ×ÌÊÐÍÐcity on multiple substrates in a 

single assay(McDonald, Hig gins, and Buller 2022). SUMS was applied to engineer the 

substrate specificity of tryptophan decarbox ylase, and later the substrate scope of a 

catalytic cascade consisting of a transaldolase and a decarboxylase (McDonald et al. 

2022)ȮɯÌßÏÐÉÐÛÐÕÎɯÛÏÌɯÞÐËÌɯÈ××ÓÐÊÈÉÐÓÐÛàɯÖÍɯÛÏÌɯÈ××ÙÖÈÊÏȭɯ2ÐÔÐÓÈÙÓàȮɯ2ÛÈÕÐįÐîɯÌÛɯÈÓȭɯ

developed a multiplexed hydroxamate assay (HAMA) , a LC-MS/MS approach that 

streamlines the specificity profiling of adenylation activity of nonribosomal adenylation 

(A) domains  and aminoacyl-tRNA synthetases toward a competitive pool of amino acids 

through hydroxamate quenching  ȹ2ÛÈÕÐįÐîȮɯ'ĹÚÒÌÕȮɯÈÕËɯ*ÙÐÌÚɯƖƔƕƝȺ. The idea of probing 
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product formation i n a competitive manner can be applied to other protein properties 

such as binding affinity as well  (Y. Zhao and Grigoryan 2023). In conclusion, these novel 

analyt ical approaches provide exciting opportunities to fitness landscape studies with 

the capability of parallel phenotyping, especially when combined wi th more high -

throughput instruments.  

2.4.3 Condensed, Intelligent Sequence Scope Guided by Machine 
Learning 

In recent years, there has been a steady development of novel genotyping 

methods such as droplet-based in vitro compartme ntalization that allows hig her and 

higher throughput. Moreover, NGS instrumenta tion continued to advance and provide 

more reads per experiment. Despite the progress, given the hyper-astronomical nature 

of the sequence space of proteins, the searchable space will remain an extremely small 

portion of the total design space at the current rate of technological development. This 

raised the question of the necessity of probing a large sequence space, or if an 

informative subset of it could be identified and serv es as a surrogate of the enormous 

sequence space. Meanwhile, emerging machine learning methods provide an alternative 

route to capture the pattern of highly complex data in various fields, including protein 

structure prediction, protein function annotation , and protein fitness predi ction. 

More importantly, many of these methods showc ase how probing a small set of 

sequences could help with  learning the pattern of sequence-activity relationship. For 

example, Biswas et al. developed low-N protein engineering t hat could utilize assay data 
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efficiently  (Biswas et al. 2021). By training simple linear regression model on 

embeddings generated from a fine-tuned pretr ained sequence representation model 

called Unirep (All ey et al. 2019), the authors obtained GFP and TEM-1 beta-lactamase 

variants with great er-than-wild -type fitness by inpu tting as few as 24 to 96 fitness 

measurements. Similarly, Greenhalgh et al applied iterative upper -bound confidence 

(UCB) optimizatio n on a Gaussian process that learns the sequence-activity relationship 

of a structure-guid ed recombinant library of a n acyl-ACP reductase(Greenhalgh et al. 

2021). Notably , the Gaussian process can intrinsically estimate the uncertainty of 

predictions and the UCB optimization could simultaneously explore uncertain regions 

in the sequence space and optimize the activity. By iteratively samplin g small batches of 

10-12 sequences, the authors manage to obtain a top variant with more  than twofold 

better than the best template natural sequence. We expected the development of novel 

machine learning methods to have the potential to learn generalizable princ iples of the 

entire sequence scope only from a selected subset of it, thus elimina tin g the need to 

probe an enormous number of sequences. 

2.5 Conclusions 

Mapping the fitness landscape of proteins has fundamentally changed how we  

understand proteins. Multiplexi ng the phenotypic diversity of fitness landsc ape studies 

could pro vide even more comprehensive insights into proteins, and could benefit our 

ability to design and engineer proteins with significant  industrial, medical and 
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environmental applications. Nevert heless, such studies have been challenging and 

remarkably behind. We envision that technological advances in NGS, microfluidics, 

parallel analytical approaches, and machine-learning will make fitne ss landscape studies 

with d iversified p henotype mapping mor e commonplace, and bring our understanding 

of protein to th e next level.
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3. ñMultiagentò Screening Improves Directed Enzyme 
Evolution by Identifying Epistatic Mutations 

This chapter has been reproduced in full with permission from Yang, Tian, Zhixia Ye, 

ÈÕËɯ,ÐÊÏÈÌÓɯ#ȭɯ+àÕÊÏȭɯɆɁ,ÜÓÛÐÈÎÌÕÛɂɯ2ÊÙÌÌÕÐÕÎɯ(mproves Directed Enzyme Evolution  

by Identifying Epistatic Mutations." ACS Synthetic Biology 11.5 (2022): 1971-1983. 

https://doi.org/10.1021/acssynbio.2c00136. Copyright ©  2022 American Chemical Society. 

Author contributions and acknowledgements are detailed at the end of this  chapter. 

3.1 Introduction 

Enzyme engineering has led to exciting developments in large part due to 

advances in directed evolution (Hammer, Knight, and Arnold 2017; Arnold 2018; Kan et 

al. 2016). Currently, enzyme engineer ing programs aimed at expanding the substrate 

utilization of known enzymes are more commonplace than ever (Wilson and Agard 1991; 

Romney et al. 2017). These directed evolution strategies rely on first generating genetic 

diversity followe d by screening and/or selection to identify genetic variant s with 

improved performance (Tracewell and Arnold 2009; Cobb, Chao, and Zhao 2013), and 

have become one of the most powerful and widespread tools in biological  research with 

a wide range of applications within synth etic biology (H. Zhao, Chockalingam, and Chen 

2002; Giver et al. 1998; Coelho et al. 2013; Joo, Lin, and Arnold 19 99). 

However, the d irected evolution of enzymes (and of all proteins) is still  challenged by 

the sheer combinatorial complexity of the sequence space (20n potential variants, where 
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n is the number of amino acids in a given protein) as well as the sparsity of beneficial 

mutat ions in this fitness landscape(Bloom and Arnold 2009). Over the past three 

decades, researchers have devised various methodologies to address these issues(Packer 

and Liu 2015). Structure-guided or  targeted mutagenesis methods can priori tize residues 

and significantly reduce the size of the sequence space for laboratory evaluation, but this 

requires accurate structural information, and oftentimes subjective prioritization will 

miss unpredictable mut ants and mutant combinatio ns(Reetz and Carballeira 2007). 

More objective structure guided app roaches are often computation al in nature(Pavelka, 

Chovancova, and Damborsky 2009). Newer machine learning assisted methods have 

emerged with an attractive potential to virtualize  the screening process(K. K. Yang, Wu, 

and Arnold 2019; Z. Wu et al. 2019; Romero, Krause, and Arnold 2013). However, these 

methods often require intensiv e computational resources and/or training  on large 

existing datasets(Z. Wu et al. 2019). Hi gh-throughput screening methods, which enable 

the rapid evaluation of large libraries, are becoming more commonplace and new tools 

allowing for increases in throughput  are always being developed(Julius, Masuda, and 

Herzenberg 1972; Xiao, Bao, and Zhao 2015; Duetz 2007; van Rossum, Kengen, and van 

der Oost 2013; Agresti et al. 2010). However, even the fastest screening capabilities are 

still only able to evaluate a small fraction of the massive combinatorial search space 

(Supplemental Figure 11) and as a result brute force screening can still be likened to 

finding  a needle in a haystack (Arnold and Georgiou 2003). 
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As mentioned, in the case of proteins and enzymes, the fitness landscape is 

extremely sparse(Bloom and Arnold  2009). That is to say that a vast majority of mutants 

in the 20^n sequence space offers no benefit to a given target activity. A primar y 

challenge for climbing the fitness landscapes is the presence of epistatic mutations (Starr 

and Thornton 2016; G. Yang et al. 2019; Weinreich et al. 2006). These mutations only 

offer a benefit synergistically wi th other mutation(s) and as a result are not identified in 

initial rounds of scanning mutagenesis (screening small libraries of sequences with 

single amino acid mut ations Figure 5a). Traditionally,  these epistatic mutations can only 

be identified by either  screening of large combinatorial libraries that could exceed the 

capacity of high-throughput screening meth ods, or iterative rounds of s creening of 

smaller librari es (Fox et al. 2007).  

In this work, we hypothes ize that using multiple substrate analogues as multiple 

agents navigating the sequence space would increase the efficiency of searching for 

beneficial mutations and specifically epistatic mutation s. In computer science, multi -

agent systems refer to systems consisting of multiple intelligen t agents operating in a 

shared environment in a goal -oriented way (Hu et al. 2020; Wiering 2000). Such systems 

can often tackle problems that are difficult or  impo ssible to solve with single 

agents(Alkhateeb, Maghayreh, and Alj awarneh 2010). Current dire cted enzyme 

evolution approaches can be viewed as single agent systems, where one agent 

(substrate) searches the vast sequence space for beneficial sequences for one  
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Figure 5:  ÕɯÖÝÌÙÝÐÌÞɯÖÍɯɁÏÐËËÌÕɂȮɯÌ×ÐÚÛÈÛÐc mutations and multi -agent 

screening.  a: Dark gray squares represent individual amino acids in the larg er protein 

structure (light gray), substrates are illustrated in black. Beneficial amino acid 

mutations are shown in gr een, with the relat ive activity  of the mutant overall, given 

ÉàɯÛÏÌɯÊÖÓÖÙÌËɯÊÐÙÊÓÌȭɯ(ÕɯÛÏÌɯËÐÙÌÊÛÌËɯÌÝÖÓÜÛÐÖÕɯÖÍɯÌÕáàÔÌÚȮɯɁÏÐËËÌÕɂɯÔÜÛÈÛÐons are 

defined as mutations  that only offer benefit in performance when in combination 

with other mutations and may be  neutral or detrime ntal to acti vity alone. Such 

epistatic mutations can be hard to predict in rational and structural -guided methods, 

and can only be identified in t he later iterations of mutation scanning;  b: 

Incorporating multiple substrate analogues (bl ack shapes) to idenÛÐÍàɯɁÏÐËËÌÕɂɯÖÙɯ

epistatic mutations. Mutations hidden for one substrate may have a positive effect for 

another. c: A multi -agent approach to navi gate the mutant fitness landscape. Circles 
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are mutants present in the optimal solution. Sol utions visible to a gent 1 (ligh t green) 

are not necessarily visible to agent 2 (blue) and vice versa. Incorporating results from 

both agents will lead to the more co mplete evaluation of solutions. Recombining 

solutions visible to each individual agent (gre en and blue) can lead to improv ed 

performance with greater efficiency.  d: Two regions flanking the active site were 

selected as mutagenesis targets (blue and orange) , and 17 analogues of malonate were 

included as substrates . 

 

predetermined property (activity).  Epistatic muta tions can be tÏÖÜÎÏÛɯÖÍɯÈÚɯɁÏÐËËÌÕɂɯÛÖɯ

this single agent in initial searching (Figure 5b, 5c). Multiple substrate analogues are like 

multiple agents (Figure 5b, 5c), where a mutation impacting substrate specificity may be 

ɁÏÐËËÌÕɂɯÛÖɯÈɯÚÐÕÎÓe agent but not  to another. These alternative agents may identify 

epistatic mutant residu es earlier in directed evolution trajectories with smaller sized 

libraries.  

To test our hypothesis and demonstrate the utility of this approach, we chose to 

engineer the substrate specificity o f malonyl -CoA synthetase (MatB) of Rhizobium 

trifolii, an enzy me known for its potential in the synthesis of natural prod ucts and 

natural product analogues (Kim, Moore, and Yoon 2015). As illustrated in Figure 5d, we 

ÚÐÔÜÓÛÈÕÌÖÜÚÓàɯÌÝÖÓÝÌËɯ,ÈÛ!ɀÚɯÈÊÛÐÝÐÛy on 17 structural analogues of malonate, its 

native substrate. This screening identified numerous epistatic mutations, with a total of 

18 mutations found affecting activity. Among these 18 mutations, on average only 4.6 

would be found beneficial by scanni ng single mutations on only o ne substrate (0-12, 

median 4.5) (Supplemental Figure 12). By screening a small combinatorial library of only 

576 variants constructed from a subset of this larger group of mutations, we were able to 
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identify a group of 25 recombinant mutant  enzyme variants with signifi cantly improved 

activity fo r all 17 malonate analogues (Supplemental Figure 13), which translates to a 

screening hit rate of 4.3%, significantly higher than many traditional screening methods. 

Interestingly, many hit recombinants for a subs trate contain mutations  that are not 

directly beneficial , but are only beneficial given a different sequence context. We also 

evaluate all possible pairwise epistatic interactions in the sequence space of these 25 

recombinants, and demonstrate that the type of epistasis is substrate-dependent, and 

that evolutio nary trajectories blocked by reciprocal sign epistasis can be bypassed by 

incorporating alte rnative substrates, thus facilitating directed evolution.  

3.2 Results 

3.2.1 Selection of the Parent Enzyme, MatB, from Rhizobium trifolii 

We chose malonyl-CoA synth etase from Rhizobium trifolii as our focus of this 

study for three primary reasons: firstly,  it has some natural substrate 

promiscuity (Hughes and Keatinge-Clay 2011), making  it a good starting point for the 

directed evolution of subs trate specificity (K. Chen and Arnold 2020; Renata, Wang, and 

Arnold 2015). Secondly, it catalyzes the formation of malonyl -CoA, a very important 

precursor in polyketide synthesis(Hughes and Keatinge-Clay 2011). The engineering of 

enzyme variants capable of the activation of diverse malonate analogues has the 

potential to enable the biosynthesis of diversified natural product analogu es(Kim, 

Moore, and Yoon 2015). Thirdly, this synthetase activity can be rapidly evaluated using 
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a high-throughput col orimetric screening assay, based on quantification of the CoA 

thioester(Ellman 1959). 

  

 

Figure 6: Overview of MatB screening meth ods.  a: a ɁÕÈÐÝÌɂɯÔÌÛÏÖËɯÛÖɯÚÊÙÌÌÕɯ

multiple substrates in parallel, where the number of assays (N) scales linearly with 

the number of substrates (m) and library si ze (n). b: A more efficient pooling method. 

In the first step, mutants were pooled together , with one w ell containing 25 mutants. 

We assay the mutant pools against the mix of the substrate analogs. After selecting 

the hit mutant pools that show improved ac tivity on the substrate mix, we assay the 
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hit mutant pools against each individual substrat e in the second step to find out 

which substrate each mutant pool has improved activity for. Then, we separate the 

mutants in each hit mutant pool by colony isolatio n, and we assay individual mutants 

in each pool against the substrates that the pool shows improved act ivity on to 

identify the single hit mutants of each substrate. The pooling method reduces the 

number of assays by more than 10-fold. c -e: Distribution of  activity readout in each 

step (c: step 1, d: step 2, e: step 3) of the pooling screen for MatB. The assayed 

population is gradually moving toward higher activity. f: Sensitivity of the pooling 

method. Despite the pooling, our assay is able to detect chang e in activity as low as 

0.25% of wild -type MatB activity (echoing one variant of 1/16 wild -type MatB activity 

on malonate in a pool of 25 variants) with >95% of sensitivity. Data are represented as 

mean ± SEM (n=8) 

We purchased or synthesized a panel of 17 malonate analogues (18 substrates 

including ma lonate itself) in our study (Figu re 5d). These analogues represent a diverse 

profile of chem ical properties (i.e. esters, halogens, hydrophobic R-groups, conjugation 

handles, etc.). We next developed a screening assay and measured the activity of the 

wild type malonyl -CoA synthetase (wild  type MatB) towards all  selected substrates. As 

previously demonstrated and illustrated in Supplemental Figure 14, wild type MatB 

exhibits activity with malonate, and some activity with  methylmalonate, allyl -malonate, 

and mono-ethyl mal onate, but has no measurable activity to ot her malonate analogues 

in our panel (Koryakina et al. 2013). 

3.2.2 Single Mutation Scanning for Individual Substrates in Parallel 

We next generated a homology model of the  wild type M atB sequence. Using 

this model, we chose two 50 amino acid long regions (region 1 and region 2, Figure 5d), 

which flank the active site, as regions for mutagenesis. Two scanning mutant libraries 

covering all possible single mut ations of the two selected regions were created and 
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screened (~1000 unique variants per region, 2000 in total). To efficiently screen multiple 

malonate analogues with the mut ant library in parallel, we developed a pooling method 

in the format of 96-well pl ates that reduces the number of assays by over 10-fold (Figure 

6a). Briefly, as illustrated in Figure 6a, mutants were pooled together with one well 

containing ~25 mutants and screened with a mix of the substrate analogues. Refer to the 

methods section for more details. Identification  ÖÍɯɁÏÐÛÚɂɯÞÈÚɯÉÈÚÌËɯÖÕɯ9ɯÚcores.  

 The hit mutant poo ls were next assayed against each individual substrate to 

identify the substrate(s) for whic h they have improved activity. Finally, mutants in each 

hit mutant pool were separ ated by colony isolation, and again assayed against the 

substrate(s) for which the pool improv ed activity, to ident ify single mutants. In order to 

validate the potential sensitivity of this pooling based approach, we performed a spike 

in study, wherein we mixed various am ounts of lysate from a strain expressing wild 

type MatB into lysat e from a negative control. We werÌɯÈÉÓÌɯÛÖɯÐËÌÕÛÐÍàɯÈɯÚÐÕÎÓÌɯɁÏÐÛɂɯ

pool with only one varian t of 1/16 of wild -Ûà×Ìɯ,ÈÛ!ɀÚɯÈÊÛÐÝÐÛàɯÖÕɯÔÈÓÖÕÈÛÌɯÞÐÛÏÐÕɯÈɯ

pool of 25 variants (Figure 6f).  Init ial screening of the two libraries led to the 

identification of fo ur mutations : F189M, H293S, M306V, and M306I (Figure 7a). Notably, 

M306I and M306V have been previously reported as key mutations that can alter the 

specificity of MatB (Koryakina et al. 2013; Koryakina and Williams 2011), validating that 

this screen was effective in identifying specificity -altering m utations.  
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Figure 7: MatB Screening Result Summary.   a: 18 mutations were identified in 

two rounds of single mutation scanning, of which 10 mutations were selected to create 

a recombinant library . b: Mutant progression and sele ction of muta tions for 

recombination. Single mutation scanning was first performed using WT MatB as a 

template, resulting in identification of F189M, H293S, M306I, and M306V(left). The 

solid lines linking a mutation and a substrate represented by its R gro ups (R1, R2, R3) 

representing the corresponding mutation were identified as a hit for the 

corresponding substrate. Next, M306I was fixed and single mutation scanning 

identified 14 new mutations. 10 out of these 18 mutations in total were chosen in way 

so that mutations  in each mutagenic region could be covered by two set of mutagenic 

PCR primers, whose product could be used to construct the combinatorial library in a 

one-step Gibson Assembly. To obtain a combinatorial library with a modest size, 

mutations i dentified mul tiple times o r at positions where multiple mutations are 
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identified were prioritized.  c: Kinetic characterization of purified mutant enzymes . 

The colormap indicates the activity of the substrate -recombinant pair determined in 

the screening assay, while the  bar chart in dicates the kcat of each substrate-

recombinant pair determined in confirmatory purified enzyme assays. A red asterisk 

indicates activity not detected in the confirmatory enzyme assay. A double black 

asterisk the enzyme assay was not successful due to (1) substrate hydrolysis of mono -

ethylmalonic acid; (2) reaction between substrate and a coupling enzyme in the assay 

for mesoxalic acid (See Supplemental Figure 15). Data are represented as mean ± SEM 

(n=3). d: Confirmation activity assay result. Colored map i ndicates the corrected CoA 

consumption in the confirmation activity assay. Data are represented as mean (n=3).  

 

To identify additional  specificity -altering mutations, we created a new scanning 

mutant library with the M306I mutant as a template.  As M306I is a mutant in region  2, 

the new scanning mutant library (which utilized the  same mutagenic oligo pools) had all 

possible single mutations in region 1 (Figure 7a). We applied the same screening method 

to this new library and identified 14 more be neficial mut ations (Figure 7a). Among these 

mutations, T207A and T207S were active site mutations previously report ed to alter the 

specificity of th is enzyme.40 In a later confirmatory study, these T207 mutations were 

found to also have a positive effect on some of the substrates given the WT sequence, 

and were missed in our initial screening , potentially due to sampli ng bias and/or assay 

variation.  

We recombined 10 of the 18 mutations at 8 positions (Figure 7a, 7b), giving us a 

library of 576 un ique recombinants. These 8 positions were chosen based on the ease of 

constructing recombinant variants (Figure 7b). We then screened this new combinatorial 

library against each indi vidual substrate and identified a total of 25 uniqu e hit 
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recombinants (and H293S, result summari zed in Supplemental Table 2). The best 

performing of these recombinants were expressed and purified and kinetic parameters 

(kcat and Km) were determined. These results are given in Figure 7c and Supplemental 

Table 3.  

3.2.3 Confirmatory Assays Demonstrate Epistatic Mutations 

The multip lex screening approach outlined above, enabled the rapid 

identification of a large set of mutations, with many of them be ing potentially epistatic . 

More specifically, these mutations were not identified as hits in the single amino acid 

library for a given  substrate, but were found in the hit recombinants when com bined 

with other mutations. To confirm that these mutations are  indeed not directly bene ficial 

instead of being missed by our screening (e.g. we did not identify T2 07G, which has 

been previously reported to improve activity for selected substrates (Koryakina and 

Williams 2011)), we next sought to confirm the activity of all single mutants, M306I  

submutants, and hit recombinants  with all substrates to validate epistat ic interactions 

among mutat ions. We either isolated or constructed single mutant clones (including the 

T207G mutant) and performed confirmatory lysate based endpoint activity assays.  These 

results are given in Figure 7d. We were able to confirm significant  improvement for 

many recombinants compared to WT MatB on all substrates (Supplemental Figure 13). 
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Figure 8: Examples of best recombinants co ntaining mutations not directly 

beneficial.   The recombinants with top 5 confirmed activity toward all(?) substrates 

(three examples presented; a: allylmalon ic acid; b: cyclobutane -1,1,-dicarboxylic acid; 

c: 2-methoxymalonic acid;) contain mutations that do not present a positive effect 

given the wild -type sequence or the M306I mutant sequence. For each panel, The top -

left subplot shows the activity of the top  5 recombinants; the top right subplot shows 

the activity of three reference variants (T207A -M306I , M306I, and WT); the bottom left 

subplot shows the mutations contained by there 5 recombinants (dark green meaning 

ȿÊÖÕÛÈÐÕÌËɀȺȰɯÛÏÌɯÉÖÛÛÖÔɯÙÐÎÏÛɯÚÜÉ×ÓÖÛɯÚÏÖws the mutat ion effect of these mutations 

given WT and M306I sequence on the particular substrate.  

 

In addition, we summarized the confirmed effect of all single mutations given 

the WT sequence in Supplemental Figure 12a. In most cases, individual mutants not 

identifi ed as hits for a given substrate in the initial screening were confirmed to have no 

positive effect and in some cases a negative impact on activity. For each substrate, on 
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average only 4.6  (ranging from 0 to 12, median 4.5) mutations were confirmed to hav e a 

positive effect given the WT sequence. (Supplemental Figure 12a).  Moreover, the top 

five active recombinants for each substrate contain mutations identified in earlier rounds 

due to improvement upon a di fferent substrate (Figure 8 & Supplemental Figure 16). 

Take the case of allylmalonic acid as an example (Figure 8a), the top recombinant 

sequences identified for this substrate include F189M, V192C, P232L, E233V, none of 

which provide a positive effect on this substrate given  the WT sequence as well as the 

M306I sequence. Such mutations, if only scre ening against allylmalonic acid, can only be 

identified by further iterative rounds of single mutation scanning, or cannot be 

identified at all due to fitness valleys caused by epi stasis. For cyclobutane-1,1-

dicarboxylic acid (Fi gure 8b), none of the mutations that its top recombinants contain 

showed positive effect given WT, and only T207A showed positive effect in the presence 

of M306I. Again, none of the mutations contained by to p recombinants for 2-

methoxymalonic acid showed a positive effect given WT (Figure 8c).  Only P232L, 

T207A, and V192C showed positive effects given M306I. For such analysis on all 

substrates, please refer to Supplemental Figure 16. While these mutations are not 

universally beneficial and may only provide a mild effec t, we believe it would be 

valuable to evaluate combinations of these mutations more comprehensively in future 

work. 
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Figure 9: Overview of epistasis among recombined mutations.   a: An  example 

of how sequence dependent effects are calculated in  b. The activity without a 

mutation is subtracted from the activity with a given mutation resulti ng in an activity 

difference indicated by the red/blue colorbar.  b: The activity difference of sele cted 

mutant residues (matrix label) in different mutant backgrounds (row labels) for each 
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substrate (column labels). The effect of recombined mutations can c hange drastically 

given different sequence contexts. It is prevalent that a mutation is not benefic ial to a 

substrate given the WT sequence, but becomes beneficial given a different sequence 

context. c: Type of epistasis. Epistasis between two mutations ca n be defined as 

magnitude, sign, or reciprocal sign according to the definition described in the re sult 

section. Notably, reciprocal sign epistasis can result in a fitness valley blocking the 

context sequence (the one with shortest hamming distance to WT s equence) from 

ÈÊÊÌÚÚÐÕÎɯÛÏÌɯÍÐÛÕÌÚÚɯ×ÌÈÒɯȹËÌÕÖÛÌËɯÈÚɯɁ1ÌÊÐ×ÙÖÊÈÓɯ2ÐÎÕɯ- 5ÈÓÓÌàɂɯÐÕ d). d: We 

observed multiple cases where a fitness valley resulting from reciprocal sign epistasis 

ȹÙÌËɯÉÓÖÊÒÚȺɯÍÖÙɯÖÕÌɯÚÜÉÚÛÙÈÛÌɯÊÖÜÓËɯÉÌɯȿÉà×ÈÚÚÌËɀɯÉàɯÐÕÊÖÙ×ÖÙÈÛÐÕÎɯÈÕÖÛÏÌÙ substrate 

(green blocks) . 

 

Mot ivated by these observations, we next sought to evaluate the effect of 

mutations  given d ifferent sequence contexts. Although our 25 hit recombinants do not 

compose a combinatorially complete space, we found multiple pairs of recombinants 

with a hamming dis tance of one. Indeed, in many cases, mutation effects change 

dramati cally given differen t sequence contexts as illustrated in Figure 9b. For example, 

F189M does not provide a positive eff ect for isopropylmalonic aci d given the WT 

sequence. However, it provides a strong positive effect given a T207A-P232L-M306V 

background. V192C shows positive effects for mono-ethyl malonate given WT and 

M306I, but becomes detrimental given T207A -P232L-M306I, F189M-T207S-E233V-M306I, 

and R197C-T207A-E233V-M306V. P232L and E233V, while not being beneficial on any of 

the substrates given WT, are widely beneficial given T207A-M306I. While future study 

should address the statistical significance of these effects, we believe the highly sequence 

context-dependent nature of these observed effects supports the prevalence of 
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epistatically beneficial m utations that hinder mutant discovery in single mutation 

scanning.  

3.2.4 Substrate-dependent Epistasis Help Bridge Fitness Valley 

To assess how incorporating multiple substrates  facilitates mutant discovery, we 

next evaluated pairwise epistatic interactio ns by analyzing all possible complete 

combinations of two m utations in the sequence space of our 25 hit recombinants. For a 

total of 20 pairs of mutations given different sequence contexts, we found that the type 

of epistatic interaction often varies for t he same group of four variants given different 

substrates. Pairwise epistasis can be categorized in three types (illust rated in Figure 

9c)(N. C. Wu et al. 2016): 1) Magnitude epistasis, where the fitness peak among the four 

variants can be accessed by its double mutant through both of its s ingle mutants (as both 

single mutants offer improved activity); 2) Sign  epistasis, where the fitness peak among 

the four variants can be accessed by its double mutant through only one of its single 

mutants; and 3) Reciprocal sign epistasis, where the fitness peak among the four variants 

can be accessed by its double mutant th rough neither of its single mutan ts. When 

reciprocal sign epistasis is blocking the variant that is closest to the starting sequence 

from accessing the fitness peak variant, a fitness valley is formed. Take the epistatic 

interaction between T207A and M306I given the WT sequence as an example (Figure 

9d), for cyclobu tane-1,1-dicarboxlic acid, isopropylmalonic acid, and 2 -methoxymalonic 

acid. These two mutations have reciprocal sign epistasis that results in fitness valleys. By 
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screening single mutations usin g WT as a template toward these substrates, none of 

these two mutations would appear benefic ial. However, these two mutations have sign 

or magnitude  epistasis for many other substrates. By incorporating these substrates in 

the screening, these two mutations can be identified, which led to  the discovery of 

T207A-M306I, the initially blocked fitnes s peak. Alternatively, F189M and P232L have 

reciprocal sign epistasis given T207A-E233V-M306I for many substrates (e.g. 3-

chloropropyl ma lonate), resulting in fitne ss valleys. Such valleys could be bypassed by 

incorporating o ther substrates where these two mutations have other types of epistasis 

(e.g. cyclopropane-1,1,-dicarboxylic acid). We demon strate that substrate-dependent 

epistasis is prevalent for the 20 pairs of mutations that we evaluated ( Supplemental 

Figure 17). In many cases, reciprocal sign epistasis between two mutations would 

change to a different  type for a different substrate, suggesting that i ncorporating 

alternative substrates is potentially a very effective app roach to facilitate directed 

enzyme evolution by bridging fit ness valleys. 

3.2.5 Specificity Profiling Confirms Specificity Altering Behaviors of 
Mutations 

Next, we assayed the specificity profile of the 10 hit recombinants at the purified 

enzyme level to confirm the specificity altering behavior of mutations we ide ntified. As 

illustrated in Figu re 10a, mutant E6 (V192C-R197C-T207A-E233V-M306V) is broadly 

active toward 7 substrates in our panel. The addition of the F189M mutation ( mutant 

D6) resulted in the loss of activity toward 3 -chlorop ropyl malonate, and has reduced  
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Figure 10: Example specificit y profile of  selected hit recombinants.   a) 

Specificity profiles of selected recombinant mutans E6, D6, and D9. The addition of 

F189M and H293S transform E6, a broadly active mutant, to D9, a mu tant only active 

toward 2 -(propyn -1yl)malonic acid . b) Specif icity profil es of recombinant mutants C6, 

D1, ÈÕËɯ$ƕȭɯ"ÏÈÕÎÌɯÖÍɯÛÏÌɯÈÔÐÕÖɯÈÊÐËɯÙÌÚÐËÜÌÚɯƕƜƝɯÈÕËɯƖƔƛɯÈÓÛÌÙɯ,ÈÛ!ɀÚɯÈÊÛÐÝÐÛàɯ

toward isopropyl malonic acid and 2 -(2-azidoethyl)malonic acid. Red arrow s 

highlight substrate specificity alterations.   Data are represented as mean ± SEM. 

activities toward other sub strates. Mutant C6 (T207A-M306I-E233V), is broadly active 

toward 11 substrates (Figure 10b). By changing the alanine at residue 207 to serine, the 

activities toward isopropyl malonate and 2 -(2-azidoethyl) malonate are eliminated, 

while the activities toward  other substrates are retained. With an additional mutation 

(F189M), the activity toward 2 -(2-azidoethyl) malonate is regained, while the  activit y 
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toward isopropyl malonate remains eliminated. These results suggest that, as a group, 

the mutations we identi fied do not just broadly increase enzyme promiscuity. Please 

refer to Supplemental Figure 18 for a complete specificity profile.  

3.3 Discussion 

We have demonstrated improved eff iciency in directed evolutio n by leveraging 

multi -agent searching, in this case implemented by screening diverse substrates. By 

interrogating MatB mutant libraries of modest size (~1000 variants per library) with a 

panel of diver se malonate analogues, we successfully obtained a set of 18 mutatio ns 

altering substrate specificity, which is much lar ger than the set of beneficial mutations 

we would have obtained by screening only one substrate (an average of 4.6 in these 

results). Subsequently, screening a relatively small recombinant lib rary of only  576 

unique variants led to the identification of 25  improved recombinants for many of the 

substrates, giving a hit rate of 4.3%.  

By performing a single m utant search with multiple substra tes, we were able to 

priori tize a small subset of the enormous combinatorial space enriched with desired 

recombinants. This is particularly important because evaluating combinations of 

mutations causes the combinatorial explosion problem and requires eithe r aggressive 

expansion of throughput or sacrifice of th e number of residues targeted. While many 

ultra high -throughput methodologies are present, most of them require linking enzyme 

properties to growth advantage, fluoresc ent signal, or electronic signal (e.g. selection-
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based methods, FACS, and microfluidic -based methods), which can be difficult for 

many enzymes(Wang et al. 2021). Our approach provides a unique way to prioritize 

beneficial epistatic mutations by utilizing the additional information from alternative 

substrates without brutally expa nding the throughput or sacrifici ng the number of 

residues in the scope of the search. 

More importantly, we have shown that substrate -dependent epistasis is 

potentially prevalent and c an be effectively exploited to bypass fitness  valleys in enzyme 

evolutio n. Notably, we were able to obtain active variants for isopropylmalonic acid and 

2-methoxymalonic acid, toward which the starting variant and all of its single mutants 

present zero-activity. This  is often considered a hard obstacle in dir ected enzyme 

evolution, where some starting activit y is often required. To our knowledge, while 

others have performed laboratory evolution with multiple substrates before (Miyake -

Stoner et al. 2010; Hohl et al. 2019; Wrenbeck, Azouz, and Whitehead 2017), we believe 

this is the first time t hat substrate diversity has been strategically incorporated i n 

directed evolution and that mul ti -agent searching has been shown to identify epistatic 

mut ations. We expect this approach to complement other strategies which focus on 

using structural knowledg e or statistical analysis to prioritize the sequence space(Wilson 

and Agard 1991; Fox et al. 2007) or alternatively on expanding the throughput (Xiao, Bao, 

and Zhao 2015).  
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Lastly, the use of multi -agent searching has the potential to imp rove the 

efficiency of searching sparse fitness landscapes in the engineering of other enzymes and 

proteins. Sparse fitness landscapes are also more common in biological systems and a 

challenge in other bioengineering efforts, from  synthetic biology to metabolic 

engineering. Generically, the use of multi -agent searching, beyond the case of multiple 

substrates, may enable improved methods for finding combinatorial optimum.  

Despite the success of this work, there are limitations of the approach as 

implemented to date. Firstly, like many other screens, the presence of false positives and 

false negatives is of concern. In our case, mutations at position T207 were missed in our 

screening, and an improvement due to the H293S mutation could not be confirmed in 

subsequent in vitro assays. However, the H293S mutation did alter substrate specificity 

in combination with other m utations, indicating it doe s impact activity. A lack of 

equivalency between in vivo and in vitro results can often be a  challenge in directed 

evolution. Secondly, improvements in activity were very limited for 4 substrates  in our 

panel. Notably, 3 of them are C-2 disubstituted, and the other has a bulky benzyl group 

on the side chain. These structures may represent diversity too remote from the native 

substrate structure to be useful in the approach. Obviously, the selection of the substrate 

analogue panel is crucial for the effectiv eness of the approach. This raises a future 

ÊÏÈÓÓÌÕÎÌɯÐÕɯËÌÍÐÕÐÕÎɯɁÊÙÐÛÌÙÐÈɂɯÍÖÙɯÛÏÌɯÚÌÓÌÊÛÐon of good substrate analogues. In this 

study, we selected our substrate panel by their accessibility (commercial availability 
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and/or sim plicity o f synthesis). In the future, a better selection criteria integrating 

quantification of the similarity to the n ative structu re should be investigated and 

applied to this approach to impr ove it. 

3.4 Materials & Methods 

3.4.1 Reagents & Media  

Unless otherwise stated, all materials and reagents were of the highest grade 

possible and purchased from Sigma (St. Louis, MO). Luria Bro th was used for plasmid 

propagation and construction. Working antibiotic concentrations were as follows: 

spectinomycin (100 µg/mL). Components for min imum media used for protein 

expression were as follows: SM10++ media (pH=6.8) consists of 9 g/L (NH4)2SO4, 0.25 

g/L citric acid, 5 mM potassium phosphat e, 0.0024 g/L CoSO4·7H2O, 0.02 g/L 

CuSO4·5H2O, 0.0024 g/L ZnSO4·7H2O, 0.0008 g/L Na2Mo O4·2H2O, 0.0004 g/L H3BO3, 

0.0012 g/L MnSO4·H2O, 0.044 g/L FeSO4·7H2O, 2.5 mM MgSO4, 0.06 mM CaSO4, 45 g/L 

glucose, 200 mM MOPS (3-(N-morpholino)propanesulfonic acid), 0. 01g/L Thiamine-

HCl, 2.5 g/L yeast extract, 2.5 g/L casamino acids. FGM3 no phosphate Wash media 

consists of 3 g/L (NH4)2SO4 ,0.15 g/L citric acid. FGM3 no phosphate Production media 

consists of 3 g/L (NH4)2SO4, 0.15 g/L citric acid, 0.0012 g/L CoSO4·7H2O, 0.01 g/L 

CuSO4·5H2O, 0.0012 g/L ZnSO4·7H2O, 0.0004 g/L Na2MoO4·2H2O, 0.0002 g/L H3BO3, 

0.0006 g/L MnSO4·H2O, 0.022g/L FeSO4·7H2O, 2mM MgSO4, 0.05 mM CaSO4, 25 g/L 

glucose, 200 mM MOPS (3-(N-morpho lino)propanesu lfonic acid) , 0.01g/L Thiamine-
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HCl. One liter of NZY+ media consists of: 10 g of NZ amine (casein hydrolysate), 5 g of 

yeast extract, 12.5 ml of 1 M MgCl2, 12.5 ml of 1 M MgSO4 and 20 ml of 20% (w/v) 

glucose.  

3.4.2 Synthesis of Malonate Analogues  

2-methoxymalonic acid, 2-(pro-2yn-1-yl)malonic acid and 2-(2-

azidoethyl)malonic acid were synthesized and purified following publi shed 

procedures.40 3-chloropropyl malonate was synthesized f rom Diethyl (3 -

chloropropyl)malonate following the procedur e for 2-methoxymalonic acid, additional 

malonate analogues were purchased.   

3.4.3 Plasmid construction 

Malonyl -CoA synthetase (matB) from Rhizobium leguminosarum w as codon 

optimized using Codon Op timization Tool from IDT and ordered as gBlock gene 

fragment (IDT, Coralv ille, IA). M atB was cloned into pCDF under insulated low 

phosphate inducible promoter yibDp. pCDF -IN:yibDp -MatB has been deposited at 

Addgene (89631). 

3.4.4 Structural Modeling  

Homol ogy model for MatB from Rhizobium trifolii was created usin g SWISS-

MODEL (Waterhouse et al. 2018). The MatB homology model w as overlaid with PDB 

3NYQ. 36 Two contiguous mutational regions (loops) each of 50 amino acids long were 

selected based on their proximity to the methylmal onyl -CoA substrate in the homology 
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model for saturation mut agenesis. Specifically, Loop 1 from amino acid 184 to 234 and 

Loop 2 from amin o acid 266 to 316, were mutated. Additionally, a mutant in Loop 1 

(M306I, previously identified as a key mutant to expand MatB substrate 

specificity (Koryakina et al. 2013)) was used as the template for Loop 2 mutations.  

3.4.5 Targeted Scanning Mutagenesis  

Scanning mutant librarie s were constructed using saturation mutagenesis using 

the QuikChange HT Protein Engineering System from Agilent f ollowin g the 

manufacturer's protocol. Mutagenic oligos were  designed using eArray from Agilent. 

(Agilent Technologies, Santa Clara, CA). The success of the mutagenesis reaction was 

determined by D NA sequencing of plasmids f rom single colonies. For Loop 1, 100% of 

the sequenced clones were mutants, and 75% of them contain a single mutation. For 

Loop 2, 100% of the sequenced clones were mutants, and 83.3% of them contain a single 

mutation.  

3.4.6 Library Transformations  

After  mutagenesis, 1.5 µL of the mutagenesis reaction was transformed into 

SoloPack Gold supercompetent cells following the manufacturer's protocol (Product 

Number 230350, Agilent, Wilmin gton, DE). After a 1 hour recovery, 10 µL of cells and 90 

µL NZY+ media were plated on a prewarmed LB-Agar plate containing 100 µg/mL 

spectinomycin and incubated at 37  overnight. Test transformations with aliquots of 

competent cells and plasmid DNA prepa rations were used to estimate the 
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transformatio n efficiency. Colonies from plated test transformation were counted to 

determine the total number of transformants per tr ansformation, which was ~14000. 

Subsequent transformations were diluted into NZY+ media,  to obtain ~25 colonies per 

150 µL ( or 25 mutants per well in 96-well plates). THis diluted culture was used to fill 

96 well plates. Theplates were cultured at 37 °C, 1100 rpm for 16 hours using a Mini 

Shaking Incubator (VWR Catalog # 12620-942, VWR International LLC., Radnor, PA, 

USA.). 100 µL of sterile 20% glycerol was added to 100 µL of overnight culture to 

prepare glycerol stock plate. 

3.4.7 Library Growth, Expression and Lysis 

5 µL of glycerol stock was used to inoculate 150 µL SM10++ media with 100 

µg/mL of spectinomycin, cultured at 37 , 400 rpm for 16 hours, the shaker orbit was 25 

mm, using Enzyscreen plate covers (Enzyscreen, Heemstede, The netherlands). The 

culture was then centrifuged to remove supernatant, washed with FGM3 No Phosphate 

Wash, resuspended in 150 µL FGM3 No Phosphate Production media with 100 µg/mL of 

spectinomycin, cultured at 37 , 400 rpm for 24 hours for protein production. OD600 

was measured for the production culture. The culture was centrifuged to remove 

supernatant, resuspended in 80 µL lysis buffer (100 mM Tris, pH8.0), followed by 

addition of 70 µL freshly prepared 4.29 mg/mL lysozyme solution (100 mM Tris, pH8.0) 

(final lysozyme concentration 2 mg/mL). The lysis mixture was transferred to a round 

bottom plate, kept at -80  overnight and then thawed at room temperature for one 
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cycle the next day, centrifuged at 4000 rpm for 10 min to collect supernatant which was 

used in activity assays.   

3.4.8 Screening Assays 

The total volume for 96 well plate based assays was 175 µL per well, containing 

50 mM sodium phosphate pH 7.2, 10 mM MgCl2, 0.5 mM ATP, 0.1 mM CoA, and a 

mixture of  malonate analogues each analogue at 0.2 mM, or alternatively 0.5 mM of 

individual substrates. Reaction was initiated by adding 10 µL of cell lysate. The reaction 

ÞÈÚɯÐÕÊÜÉÈÛÌËɯÈÛɯÙÖÖÔɯÛÌÔ×ÌÙÈÛÜÙÌɯÐÕɯÍÖÙɯƘɯÏÖÜÙÚȮɯÈÍÛÌÙɯÞÏÐÊÏɯƖƙɯϟ+ɯÖÍɯƘɯÔÎɤÔ+ɯƙȮƙɛ-

Dithiobis (2-nitrobenzoic acid) (DNTB) was then added, and the absorbance at 412 nm 

was recorded. DNTB solution was prepared fresh before use by dissolving the DNTB 

powder i n 50 mM sodium phosphate pH 7.2. CoA consumed was calculated using a 

CoA standard curve. Baseline activity of wild type matB lysates was measured for the 

pooled substrate mixture. In the initial targeted scanning screens, mutant pools with z 

ÚÊÖÙÌÚɯȁɯƗɯÞÌÙe selected for colony isolation, evaluated with individual substrates and 

isolated for colony sequencing.  

3.4.9 Confirmatory Activity Assays 

"ÖÕÍÐÙÔÈÛÖÙàɯÈÊÛÐÝÐÛàɯÈÚÚÈàÚɯÞÌÙÌɯ×ÌÙÍÖÙÔÌËɯÚÐÔÐÓÈÙÓàɯÛÖɯÛÏÌɯɁ2ÊÙÌÌÕÐÕÎɯ

Assays'', with substrate concentrations fixed at 0.2 mM. Each mutant was assayed 

against each of the 18 substrates with three biological replicates. Baseline activities of 

empty vector  lysate against each substrate and variant lysate in the absence of any 
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substrate were also measured for background subtraction. Statistical significance of 

differences between these corrected activities (subtracting background) were determined 

by Kruskal -6ÈÓÓÐÚɯÛÌÚÛɯÞÐÛÏɯ#ÜÕÕɀÚɯ×ÖÚÛ-hoc using python packages scipy and scikit-

posthocs. 

3.4.10 Sensitivity Assays 

SensitÐÝÐÛàɯÈÚÚÈàÚɯÞÌÙÌɯ×ÌÙÍÖÙÔÌËɯÚÐÔÐÓÈÙÓàɯÛÖɯÛÏÌɯɁ2ÊÙÌÌÕÐÕÎɯ ÚÚÈàÚɂȮɯɯÞÐÛÏɯƔȭƖɯ

mM of malonate. A batch of wild -type MatB lysate was created and diluted i nto empty 

vector lysate at various levels (8%, 4%, 2%, 1%, 0.5%, 0.25%). At each level, the activity of 

dil uted lysate was assayed with eight biological replicates. Sensitivity was calculated as 

the cumulative fraction of the assayed population (diluted ly sate) that is above the mean 

of the negative population (empty vector lysate) plus three times of its stand ard 

deviation (echoing z-score cutoff of 3). 

3.4.11 Colony Isolation 

Mutant pools were diluted and plated onto LB agar plates, 94 individual colonies 

were picked into each 96 well plate containing SM10++ with appropriate antibiotic from 

each agar plate, wild type MatB and pCDF empty vector controls were cultured in the 

remaining two wells respectively, the 96 well plates were incubated at 37 , 400 rpm for 

16 hours. 100 µL of sterile 20% glycerol was added to 100 µL of overnight culture to 

prepare glycerol stock plate. 
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3.4.12 Combinatorial Library Creation and Screening 

To evaluate the combined effects of identified mutations, complete combinations 

of the mutations were prepared by first PCR amplification of sequence regions using 

mixtures of primers contain ing selected mutations and Gibson Assembly. The 10 

mutations were chosen based on the ease of constructing recombinant variants. Primers 

used for PCR amplificati on are listed in Supplemental Table 4. Due to the estimated high 

enzymatic activity of the c ombinatorial mutant pools, these pools were only screened 

with individual substrates. The top 5 mutant pools for each malonate analogue were 

selected for colony isolation and screening of individual colonies.  

3.4.13 Expression and Purification 

 To express and purify malonyl -CoA synthetase and its mutants, glycerol stock of 

each E. coli overexpressing strain was used to inoculate a flask of 50 ml SM10++ media 

with spectin omycin. Cells were cultured at 37°C for 16 hours. To induce the expression, 

the cells were collected by centrifugation, washed with FGM3 No Phosphate media, 

resuspended in 50 ml FGM3 No Phosphate Production media, and cultured at 30°C. 

After 24 hours cells were collected by centrifugation, the cell pellet was resuspended in 

wash buffer (20 mM phosphate, pH 7.4, 25 mM imidazole, 500 mM NaCl) and lysed by 

sonication. The lysate was centrifuged and the supernatant was applied to Amintra®  Ni -

NTA resin (Expedeon, #ANN0025) and let bind for 30 min at 4°C. The resin was then 

washed with the wash buf fer for 3 times and the protein was eluted with the elution 
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buffer (20 mM phosphate, pH 7.4, 200 mM imidazole, 500 mM NaCl). The eluted protein 

was concentrated and buffer exchanged into PBS (10% glycerol) using an Amicon Ultra-

0.5 3K centrifugal filters (Mil lipore Sigma, #C82301) and then frozen at -80°C. The purity 

of the protein was determined by SDS-PAGE and ImageJ analysis. The concentration of 

the protein was measured by Bradford assay (Thermo Scientific, #23236). 

3.4.14 Purified Enzyme Kinetic Assay 

 MatB activity was assayed with small modifications to previously reported 

method(Walker et al. 2013). Briefly, the formation of AMP in the reaction was coupled to 

pyruvate formation by purifie d myokinase and pyruvate kinase. The pyruvate 

formation was then coupled to NADH  oxidation by lactate dehydrogenase. The 

oxidation of NADH was monitored at 340 nm. Assays were performed at 30°C in a total 

ÝÖÓÜÔÌɯÖÍɯƙƔɯϟÓɯÊÖÕÛÈÐÕÐÕÎɯƕƔƔɯmM HEPES, pH 7.4, 1 mM TCEP, 2.5 mM ATP, 5 mM 

MgCl2, 1 mM phosphoenolpyruvate, 0.3 mM NADH, 0.5 mM C oA, 0.125 U myokinase, 

0.9 U pyruvate kinase, 0.65 U lactate dehydrogenase, malonate or the corresponding 

malonate analog. The reaction was initiated with the addition of MatB or the 

corresponding mutant at various enzyme levels. Reactions were monitored at 340 nm 

(30s per read) using a SpectraMax Plus 384 microplate reader (Molecular Devices). 

NADH concentrations were determined by its extinction coefficients (Bergmeyer 1975). 

Linear regressions were performed on a sliding window with a width of 10 data points 

scanning the change of NADH concentration over time. The initial velocity of each 
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reaction was obtained as the most negative slope estimation among its regression 

models that have a R2 greater than 0.9. The Vmax and Km of malonyl-CoA each 

synthetase and malonate analogue was determined by fitting the data to the Eadie -

Hofstee equation using the ordinary least square estimator in statsmodels, a Python 

package. The kcat of each pair was calculated as Vmax/[E], where [E] is enzyme 

concentration in the reaction. Data are reported as mean ± s.e. (n = 3). P-values were 

determined by student t tests.  

3.4.15 Purified Enzyme Specificity Profiling Assays 

The specificity profile of a subset of MatB mutan ts was assayed in a 384-well 

plate format, where activity with each substr ate was measured (Supplemental Figure 

18). 40 µL of reaction volume was used per well, each containing 50 mM sodium 

phosphate pH 7.2, 10 mM MgCl2, 0.5 mM ATP, 0.1 mM CoA, and 0.2 mM of malonate 

or its analog. Reactions were initiated by adding purified enzy mes. The reactions were 

at room temperature, after which 10 µL of 2.5 mg/mL DNTB was added, and the 

absorbance at 412 nm was recorded. Reactions were performed using 10 nM of purified 

enzyme and incubated for 1 hour, and repeated with 25 nM of enzyme for 4  hours of 

incubation if no activity was detected with lower enzyme levels.  Results are reported as  

mean ± s.t.d. (n = 4). 



 

61 

3.5 Supplemental Materials 

 

Figure 11: The Complexity of Protein Design Space with Different Criteria .  

The complexit y of complete design space grows rapidly out of the range for high -

throughput screening at very small sequence length. The curves designated with an m 

value represent the complexity of the m -mutant  space at different sequence length, 

with only single - and double -mutant space manageable for the high -throughput 

screening capacity. The theoretical transformation efficiency is also labeled in the plot 

for reference. 
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Figure 12: Mutation effe cts on different substrates given  the a) WT sequence 

and b) M306I in the confirmatory activity assay.   T207A/S/G all have a positive effect 

on some of the substrates given the WT s equence, and were missed in our initial 

screening, potentially due to sampling bias and/or assay variation. On average, 4.6 

mutations would be found to have a positive effect given the WT sequence by 

screening only one substrate, ranging from 0 (for isopro pylmalonic acid and 2 -

methoxymalonic acid) to 12 (for mono -ethyl malonate).  
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Figure 13: Statistical significance of comparison of activity between hit 

recombinants and WT.   All hit recombinants show significantly improved activity on 

many substrates. 
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Figure 14: WT MatB Screening Activity Profile on the Select ed Panel of 

Substrate An alogues. 

 

Figure 15: Reaction of Mesoxalic acid with NADH in the presence of coupling 

enzymes.  The formation of AMP in the synthetase (matB) reaction is coupled to 

NADH oxidation by purified myokinase, py ruvate kinas e, and lactate dehydrogenase, 
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which can be monitored at 340 nm. Abbr.: pyk (pyr uvate kinase), ldh (lactate 

dehydrogenase), myk (myokinase).  
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Figur e 16: The top 5 active recombinants for all substrates contain mutatio ns 

that are not directly beneficial given the WT or the M306I sequence.  
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Figure 17: All possible pairwise epistasis in the s equence space of our assayed 

variants. Type of epistasis is widely substrate -dependent.  

 

Figure 18: Complete specificity profile of 10 assayed purified recombinants.  
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Table 2: Summary of Mutation Discovery  

Substrate 

M306I Sublibrary 

Scanning 

Hit Recombinants 

Malonate  T207A E233V M306I, T207A P232L M306V 

Methylmalonic 

acid 

L218A, P232T, 

F230Y 

F189M V192C T207S E233V M306I, F189M 

T207A P232L E233V M306V, T207A E233V 

M306I 

Allylmalonic acid  P232L, V192C 

V192C R197C T207A E233V M306V, F189M 

T207A E233V M306I 

Dimethylmalonic 

acid 
 

F189M T207A E233V H293S M306I, F189M 

V192C R197C T207A E233V H293S M306V, 

F189M V192C R197C T207A P232L E233V 

M306I 

Cyclobutane-1,1-

dicarboxylic acid  

T207A 

H293S, F189M T207A P232L M306I, T207A 

P232L M306I 

Ethylmalonic acid  

D188L, V192C, 

S228A 

T207S E233V M306I, T207A E233V M306I, 

F189M T207A P232L M306V, T207A P232L 

E233V M306I 
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Isopropylmalonic 

acid 

T207A 

T207A P232L M306I, F189M V192C R197C 

T207A P232L M306V, F189M T207A E233V 

M306I 

Tartronic acid  T207A 

T207A P232L M306I, F189M T207A E233V 

M306I, F189M T207A P232L M306I 

mono-Ethyl 

malonate 

R197C, E233V  

2-(propyn -1-

yl)malonic acid  

A201C, E233M 

F189M T207A P232L M306I, T207A E233V 

M306I, F189M R197C T207A P232L H293S 

M306V, F189M T207A E233V M306I 

Benzylmalonic acid  H293S 

Butylmalonic acid  T207S, T207A 

F189M T207A P232L E233V M306I, T207S 

P232L H293S M306V 

T207A E233V M306I, F189M T207A P232L 

E233V M306V, F189M T207A E233V M306V 

Sodium mesoxalate 

monohydrate  

T193H H293S, T207A P232L M306I 

Cyclopropane-1,1-

dicarboxylic acid  
 H293S 
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2-methoxymalonic 

acid 

T207A 

T207A P232L M306I, V192C T207A P232L 

M306I, F189M V192C R197C T207A P232L 

M306I 

Diethylmalonic 

acid 
 H293S 

2-(2-

azidoethyl)malonic 

acid 

T207A 

F189M V192C R197C T207A E233V M306V, 

F189M T207A P232L E233V M306V, T207A 

E233V M306I, V192C T207A P232L M306I 

3-chloropropyl 

malonate 

T207A 

F189M T207S E233V M306I, R197C T207A 

E233V M306V, V192C R197C T207A E233V 

H293S 

 

Table 3: Puri fied Enzyme  Kinetic Assay Results  

Substrate Recombinant 

Mutant 

Kcat / s -̂

1 

Mutant 

Km / mM  

Wild type 

MatB Kcat 

/ s^-1 

Wild t ype 

Km / uM  

P 

Value 

(kcat) 

Malonate 

T207A E233V 

M306I 

2.5 ± 1.0 3.3 ± 1.1 35.8 ± 7.7 2.2 ± 0.5 0.99 

Methylmalonic 

acid 

F189M V192C 

T207S E233V 

13.0 ± 7.1 4.3 ± 1.8 3.7 ± 0.8 0.67 ± 0.21 0.13 



 

79 

M306I 

Allylmalonic acid  

V192C R197C 

T207A E233V 

M306V 

1.5 ± 0.4 0.09 ± 0.02 1.2 ± 0.4 2.8 ± 1.5 0.31 

Dimethylmalonic 

acid 

F189M V192C 

R197C T207A 

E233V H293S 

M306V / 

F189M T207A 

E233V H293S 

M306I 

No 

Detection 
 

No 

Detection 

No 

Detection 

NA  

Cyclobutane-1,1-

dicarboxylic acid  

F189M T207A 

P232L M306I / 

T207A P232L 

M306I 

0.5 ± 0.1 / 

0.5 ± 0.1 

0.64 ± 0.04 

/ 1.5 ± 0.4 

No 

Detection 

No 

Detection 

0.005 / 

0.003 

Ethylmalonic acid  

T207S E233V 

M306I 

2.2 ± 0.5 0.15 ± 0.03 

No 

Detection 

No 

Detection 

0.002 

Isopropylmalonic 

acid 

T207A P232L 

M306I 

0.5 ± 0.1 1.2 ± 0.2 

No 

Detection 

No 

Detection 

0.0008 

Tartronic acid  T207A P232L 0.08 ± 1.7 ± 0.4 No No 0.03 
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M306I 0.02 Detection Detection 

mono-Ethyl 

malonate 

NA  NA  NA  26.3 ± 14.0 1.1 ± 1.8 NA  

2-(propyn -1-

yl)malonic acid  

T207A E233V 

M306I / F189M 

T207A P232L 

M306I 

10.8 ± 3.5 

/ 6.8 ± 1.2 

0.80 ± 0.04 

/ 0.53 ± 

0.06 

0.29 ± 0.16 0.14 ± 0.09 

0.01 / 

0.0007 

Benzylmalonic acid H293S 

No 

Detection 

No 

Detection 

No 

Detection 

No 

Detection 

NA  

Butylmalonic acid  

F189M T207A 

P232L E233V 

M306I 

0.4 ± 0.1 0.14 ± 0.02 

No 

Detection 

No 

Detection 

0.002 

Sodium mesoxalate 

monohydrate  

H293S 

Assay 

does not 

work  

Assay 

does not 

work  

Assay 

does not 

work  

Assay 

does not 

work  

NA  

Cyclopropane-1,1-

dicarboxylic acid  

H293S 

No 

Detection 

No 

Detection 

No 

Detection 

No 

Detection 

NA  

2-methoxymalonic 

acid 

T207A P232L 

M306I 

1.4 ± 0.3 1.9 ± 0.3 

No 

Detection 

No 

Detection 

0.002 

Diethylmalonic H293S No No No No NA  
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acid Detection Detection Detection Detection 

2-(2-

azidoethyl)malonic 

acid 

F189M V192C 

R197C T207A 

E233V M306V 

6.0 ± 2.5 2.0 ± 0.8 

No 

Detection 

No 

Detection 

0.03 

3-chloroprop yl 

malonate 

F189M T207S 

E233V M306I 

1.2 ± 0.3 0.21 ± 0.02 

No 

Detection 

No 

Detection 

0.002 

 

Table 4: List of primers used for selected MatB mutant  combination.  

PCR 

# 

Primer Name Sequence 

1 

MatB-F189M-FOR 

GCTTACATTGCGTGAT ATG TGGCGTGTAACCG 

CAGGCGAT CGTCTGATTCATGCGTTACCGATT  

TTTCATACA CATGGCC 

MatB-V192C-FOR 

GCTTACATTGCGTGAT TTCTGGCGTTGCACCGC 

AGGCGAT CGTCTGATTCATGCGTTACCGATTTT  

TCATACA CATGGCC 

MatB-R197C-FOR 

GCTTACATTGCGTGAT TTCTGGCGTGTA ACCGCA  

GGCGATTGCCTGATTCATGCGTTACCGATTTTTC  

ATACA CATGGCC 

MatB-T207A-FOR GCTTACATTGCGTGAT TTCTGGCGTGTA ACCGCA  
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GGCGATCGTCTGATTCATGCGTTACCGATTTTTC  

ATGCGCATGGCC 

MatB-F189M-

V192C-FOR 

GCTTACATTGCGTGAT ATG TGGCGTTGCACCGCAG 

GCGATCGTCTGATTCATGCGTTACCGATTTTTCAT A 

CACATGGCC 

MatB-F189M-

R197C-FOR 

GCTTACATTGCGTGAT ATG TGGCGTGTAACCGCAG 

GCGATTGCCTGATTCATGCGTTACCGATTTTTCAT A 

CACATGGCC 

MatB-F189M-

T207A-FOR 

GCTTACATTGCGTGAT ATG TGGCGTGTA ACCGCAGG 

CGATCGTCTGATTCATGCGTTACCGATTTTTCAT GCG 

CATGGCC 

MatB-V192C-

R197C-FOR 

GCTTACATTGCGTGAT TTCTGGCGTTGCACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT ACA 

CATGGCC 

MatB-V192C-

T207A-FOR 

GCTTACATTGCGTGAT TTCTGGCGTTGCACCGCAGG 

CGATCGTCTGATTCATGCGTTACCGATTTTTCAT GCG 

CATGGCC 

MatB-R197C-T207A-

FOR 

GCTTACATTGCGTGAT TTCTGGCGTGTA ACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT GCG 

CATGGCC 
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MatB-F189M-

V192C-R197C-FOR 

GCTTACATTGCGTGAT ATG TGGCGTTGCACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT ACA  

CATGGCC 

MatB-F189M-

V192C-T207A-FOR 

GCTTACATTGCGTGAT ATG TGGCGTTGCACCGCAGG 

CGATCGTCTGATTCATGCGTTACCGATTTTTCAT GCG 

CATGGCC 

MatB-F189M-

R197C-T207A-FOR 

GCTTACATTGCGTGAT ATG TGGCGTGTA ACCGCAG G 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT GCG 

CATGGCC 

MatB-V192C-

R197C-T207A-FOR 

GCTTACATTGCGTGAT TTCTGGCGTTGCACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT GCG 

CATGGCC 

MatB-F189M-

V192C-R197C-

T207A-FOR 

GCTTACATTGCGTGAT ATG TGGCGTTGCACCGCAGG 

CGATTGCCTGATTCATGCGTTACC GATTTTTCAT GCG 

CATGGCC 

MatB-T207S-FOR 

GCTTACATTGCGTGAT TTCTGGCGTGTA ACCGCAGG 

CGATCGTCTGATTCATGCGTTACCGATTTTTCAT AGC  

CATGGCC 

MatB-F189M-T207S-

FOR 

GCTTACATTGCGTGAT ATG TGGCGTGTA ACCGCAGG 

CGATCGTCTGATTCATGCGTTACCGATTTTTCAT AGC  
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CATGGCC 

MatB-V192C-T207S-

FOR 

GCTTACATTGCGTGAT TTCTGGCGTTGCACCGCAGG 

CGATCGTCTGATTCATGCGTTACCGATTTTTCAT AGC  

CATGGCC 

MatB-R197C-T207S-

FOR 

GCTTACATTGCGTGAT TTCTGGCGTGTA ACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT AGC  

CATGGCC 

MatB-F189M-

V192C-T207S-FOR 

GCTTACATTGCGTGAT ATG TGGCGTTGCACCGCAGG 

CGATCGTCTGATTCATGCGTTACCGATTTTTCAT AGC  

CATGGCC 

MatB-F189M-

R197C-T207S-FOR 

GCTTACATTGCGTGAT ATG TGGCGTGTA ACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT AGC  

CATGGCC 

MatB-V192C-

R197C-T207S-FOR 

GCTTACATTGCGTGAT TTCTGGCGTTGCACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT AG C 

CATGGCC 

MatB-F189M-

V192C-R197C-

T207S-FOR 

GCTTACATTGCGTGAT ATG TGGCGTTGCACCGCAGG 

CGATTGCCTGATTCATGCGTTACCGATTTTTCAT AGC  

CATGGCC 

MatB-P232L-REV GCATGGTAGCCTGCGGCATCAAAGACAGGATCTCTTC  
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CAGATCAAATTTGCTTAACAG  

MatB-E233V-REV 

GCATGGTAGCCTGCGGCATCAAAGACAGGATCTCCA C 

CGGATCAAATTTGCTTAACAG  

MatB-P232L-E233V-

REV 

GCATGGTAGCCTGCGGCATCAAAGACAGGATCTCCAC  

CAGATCAAATTTGCTTAACAG  

2 

MatB-H293S-M306-

FOR 

GAGATCCTGTCTTTGATGCCGCAGGCTACCATGCT  

GATGGGCG 

MatB-H293S-REV 

CATACGGATTTGAGGTGTTCATGTTGGTCTCGGTCATT  

CCGTAGCGTTCCAGAATGGCGCTGC CGGTACGC 

MatB-M306I-REV 

CATACGGATTTGAGGTGTTAATGTTGGTCTCGGTCATT  

CCGTAGCGTTCCAGAATGGCATGGCCGGTACGC  

MatB-M306V-REV 

CATACGGATTTGAGGTGTTCACGTTGGTCTCGGTCATTC  

CGTAGCGTTCCAGAATGGCATGGCCGGTACGC  

MatB-H293S-M306I-

REV 

CATACGGATTTGAGGTGTTAATGTTGGTCTCGGTCAT  

TCCGTAGCGTTCCAGAATGGCGCTGCCGGTACGC  

MatB-H293S-

M306V-REV 

CATACGGATTTGAGGTGTTCACGTTGGTCTCGGTCAT  

TCCGTAGCGTTCCAGAATGGCGCTGCCGGTACGC  

3 

MatB-Combi-FOR AACACCTCAAATCCGTATGAGGG  

MatB-Combi-REV ATCACGCAATGTAAGCGCG  
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4. Distant Specificity-altering Mutations Disrupt Remote 
Side-chain Interactions and Destabilize Enzymes 

4.1 Introduction 

 Laboratory directed evolution has served as a powerful tool to generate protein 

variants with desired traits suc h as binding affinity, catalytic activity, and 

enantioselectivity (Arnold 2018; Wang et al. 2021). While many directed evolution 

programs focus on active site residues that directly impact protein function, it has 

become clear that the vast amount of remote residues play a critical role in conferring 

improved properties (Jiménez-Osés et al. 2014; Xie and Warshel 2022; Osuna et al. 2015; 

Raman, White, and Ranganathan 2016). Understanding these remote residues will aid 

the development of more rational and efficient strategies to design improved proteins. 

Nevertheless, such insights remain limited to date.   

In this study, we explore the l aboratory evolution of MatB from Rhizobium 

trifolli. Native MatB catalyzes the formation of a modest variety of acyl -CoA(Hughes 

and Keatinge-Clay 2011; Pohl et al. 2001). These acyl-CoA could serve as extender units 

for the synthesis of polyke tides(Hertweck 2009), a large family of molecules that possess 

broad and potent biological activities and comprise a substantial fraction of approved 

drugs(Butler 2008). Structure-guided engineering of MatB has been shown as an 

effective strategy to expand the specificity of MatB to synthesi ze a panel of malonate 

extender units with diver sified C-2 substituent(Koryakina and Williams 2011; Koryakina 

et al. 2013). 
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We applied laboratory directed evolution to MatB to  further expand its substrate 

repertoire. We carried out a series of experiments to rationalize the altered substrate 

preference of evolved MatB. We showed that active site mutations impact substrate 

preference through altering the shape and electrostatic properties of the substrate 

binding pocket. In contrast, surface mutations result in a loss of remote side-chain 

interactions that contribut e to an increased conformational flexibility. The subsequent 

specificity and thermostability profiling of MatB r ecombinants reveals a potential 

positive correlation between promiscuity and thermostability. These new i nsights open 

the hypothesis that enzyme selectivity tradeoff with therm ostability and allow us to 

propose principles to identify and target surface res idues for enzyme engineering.  

4.2 Results 

We focused our study on the following mutations identified in the previous 

laboratory evolution of MatB: F 189M, V192C, R197C, T207A/S, P232L/T, E233M/V, 

H293S, M306I/V. We can categorize these mutations into two classes (Figure 19a): (i) 

active-site mutations, including mutations at residues T207 and M306 (Figure 19b), and 

(ii) surface mutations, including all o ther mutations, most of which resid e on the surface 

of MatB and are beneficial epistatically (Figure 19c).  
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Figure 19: Overview of mutations identified.   a) An overview of the location of 

mutations included in this study. Sur face mutations are colored pink, and active site 

mutations are colored red. Ligands are colored orange. b) A close view of the 

proximity of the two active site residues (T207 and M306) toward the substrate. c) 

Close views of the surface mutations (pink) an d their surroun ding res idues. (residues 

colored blue and orange are from the two mutagenesis regions) . 
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4.2.1 Active site mutations alter the cavity and electrostatic 
environment of the substrate binding pocket 

We first analyzed the structural impact of T207A /S and M306I/V. From our 

homology model, these residues are proximal to the C-2 substituent of the substrate. The 

wild -type MatB has a threonine at residue 207, which has a polar, uncharged, and 

branched side chain. The corresponding mutant residues of alanine and serine both have 

a side chain that is smaller, with alanine having a nonpolar methyl group an d serine 

having a polar methoxyl group.  

On the other hand, the wild -type methionine at residue 306 has a polar, 

uncharged, and unbranched side chain. The corresponding mutant residues  of 

isoleucine and valine, however, both have a nonpolar and more compact branched side 

chain. Thus, we expected the mutations would impact the shape and electrostatic 

potential  of the substrate-binding pocket, which affects thÌɯÌÕáàÔÌɀÚɯ×ÙÌÍÌÙÌÕÊÌɯÍÖÙɯ

dif ferent malonate analogs.  

We computationally generated all 9 possible combinations of these active site 

mutations, and visualized the shape and electrostatic potential of their substrate-binding 

pockets (Figure 20). Indeed, we foÜÕËɯÛÏÈÛɯÛÏÌɯÚÜÉÚÛÙÈÛÌɯÉÐÕËÐÕÎɯ×ÖÊÒÌÛɀÚɯÚÏÈ×ÌɯÈÕËɯ

electrostatic potential changes substantially upon  the mutations. The T207 mutations, 

though do not enlarge the binding pocket by themselves, do result in a  larger room 

between residue 207 and the M306 residue, which may benefit binding of malonate 

analogs in other conformations. M306I itself results in a slightly enlarged binding 
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pocket. The effect is amplified when combined with T207 mutations, where T207A also 

results in a more neutral surface compared to the positively charged surface of the wild -

type. Similarly, M306V results in an enlarged and negatively charged binding pocket. 

The flip in charge is alleviated when combined with T207A and is flipped back  when 

combined with T207S. This is consistent with our screening data, where many mutants 

with M306V showed a r educed preference for more negatively charged tartronic acid, 2-

methoxylmalonate, and 3-chloropropyl malonate.  

4.2.2 Surface mutations reduce the number of long range side-chain 
interactions 

We further  investigated the non-active site mutations. Initially, we  analyzed 

these mutations in our homology model. As illustrated in Figure 1 9c, we found that 

these residues are all involved in side chain interactions, except for P232. Specifically, 

F189 is closely located to another surface residue, F323 (Figure 19c(i)). These two 

phenylalanines would be ×ÙÌËÐÊÛÌËɯÛÖɯÍÖÙÔɯÈɯϣ-ϣɯÐÕÛÌÙÈÊÛÐÖÕɯÉÌÛÞÌÌÕɯÛÞÖɯÈÓ×ÏÈɯÏÌÓÐÊÌÚȭɯ

We reasoned that this interaction would be di srupted with the F189M mutation, 

presumably destabilizin g the tertiary structure. Similarly, R197 resides closely with 

Q241, and E233V resides closely with R260 (Figure 19c(ii) & 19c(iii)). These two residues 

are likely to be engaged in stabilizing interacti ons between secondary structural 

elements through hydrog en bonding, which again would be disrupted when m utated. 

V192 and H293S are also surrounded by a cluster of surface residues (Figure 19c(v&vi)). 

V192C is seated in a cluster of hydrophobic side chains (Figure 19c(v)), where we 
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reasoned that a mutation to polar cysteine would be unfavored by the surroundi ng 

residues. 

 

Figure 20: The altered shape and electrostatic potential of the substrate 

binding  pocket upon active site mutations.   The substrate binding pocket is 

visualized as a surface from the front (a) and from a side (b), where blue indicates a 
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positively charged s urface and red indicates a negatively charged surface. Active site 

residues are visualized as pink sticks. Rows are the amino acid at residue 306 and 

columns are the amino acid at residue 207.  

 

Figure 21: Analysis of atomic contac ts.  a) Visualization of atomic contac ts 

formed by the wild -type and mut ant residue of 5 surface mutations. (i)&(ii): 

hydrophobic and aromatic interactions formed by F189 and F323 are largely disrupted 

by F189M; (iii)&(iv): hydrophobic interactions formed  by V192 and its surrounding 

residues are reduced with a V192C mutation; (v)&(vi): The number of interactions 

formed by R197 and F225 are reduced by R197C, and the interaction with the carbonyl 

oxygen of Q241 is eliminated in the mutant; (vii) -(ix): The in teractions between E233 

and R260 are eliminated in both E233V and E233M. b) A schematic representation of 

how the loss of remote contacts could contribute to enhanced enzyme flexibility. c) 

Distribution of change in number of distal atomic contacts by all 1900 designed single 

mutations (light b lue histogram), all surface mutati ons (orange histogram), and 


