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ABSTRACT OF THE DISSERTATION 

Utilizing Chemical Biology and Computational Tools to Understand and Engineer Metabolic 

Pathways 

by 

Lorillee C. Tallorin 

Doctor of Philosophy in Chemistry with a Specialization in Multi-Scale Biology 

University of California, San Diego, 2016 

Professor Michael D. Burkart, Chair 

 

Within the last decade, efforts have revealed remarkable detail in the machines that 

regulate primary metabolism with salient examples including the ribosome, protein folding and most 

recently the spliceosome. Our laboratory has taken interest in the macromolecular modular 

machines that construct fatty acids, polyketides and non-ribosomal peptides. The machines that 

prepare these classes of secondary metabolites share a common choreographed method. Small 

molecules such as acetyl-coenzyme A (CoA) and malonyl-CoA are assembled sequentially to form 

complex natural products, which have uses ranging from commodity chemicals to therapeutics. 

Although the starter units of these synthases are free floating molecules, their 

intermediates are tethered to acyl carrier protein (ACP). The ACP carries this cargo along the 

assemblyline of modifying enzymes (i.e., ketoreductase (KR), dehydratase (DH), enoyl-acyl carrier 

protein reductase (ER)) until it is release by a thioesterase (TE) domain. While this modular 

machinery appears ideal for metabolic engineering, many of the leading efforts, such as domain 

swapping, have been met with limited success. This arises, in part, from our lack in understanding 

the protein • protein interactions that guide the processivity between the CP and its associated



xxi 

 partner domains (KS, KR, ER, DH and TE). Unfortunately, structural studies on these 

systems continue to pose challenges due to the transient nature of these interactions.  

The first couple chapters describes how new small molecule inhibitors were discovered to 

inhibit the ER in the fatty acid biosynthesis pathway in Plasmodium falciparum, the causitive agent 

responsible for malaria. These chapters describe in detail the collaborative work between in silico 

and in vitro methods to discover novel small molecules that have been from repositioned and 

commercial small libraries.  

The next chapter discuses an extension of the our laboratory’s work dedicated to 

developing a suite of tools to study the interactivity between CP and associated partner domains. 

We first sought to leverage our previous work with covalent mechanism-based inactivators with the 

KS, TE and DH domains, and apply this to FabI. Because the reaction catalyzed by FabI is cofactor 

dependent and does not involve any active site residues in a covalent manner, designing a 

mechanistic based inactivator that covalently crosslinks AcpP and FabI poses a challenge. We 

hypothesized that if we attached a tight non-covalent FabI binder to AcpP via our chemoenzymatic 

methods, the binding affinity may be high enough to stabilize the complex for structural studies. 

The study extends our collection of chemoenzymatic AcpP tools with the first “inhibitor-based non-

covalent probe” inspired by a well-characterized FabI tight-binding small molecule inhibitor. We 

synthesized a pantetheinamide derivative of TCL, appended it to AcpP and used this to study FabI-

AcpP interactions. This approach shows that both protein-protein interactions and protein-substrate 

interactions are important for productive catalysis. We envision the use of this novel probe for 

structural characterization of the AcpP-FabI interaction, which has yet to be resolved in greater 

detail.  

The last chapter describes an expansion and discovery of new substrates for the the 

promiscuous 4’-phosphopantetheinyl transferase (PPTase) and acyl carrier protein hydrolase 

(AcpH) by artificial intelligence. With the development of conjugated-protein therapeutics over the 

last two decades, the need for robust protein labeling methods has intensified. Unlike conventional 

large fusion tag proteins, which can interfere with protein activity, a peptide tag only adds 8-20 
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amino acids to either terminus of a protein. Previous studies demonstrate that the post-translational 

enzyme, phosphopantetheinyl transferases (PPTase), can label YbbR, a short 11 amino acid 

sequence. More recently, our lab expanded on this system by demonstrating that the acyl carrier 

protein hydrolase (AcpH) can unlabel short peptide substrates. Our research highlights the 

discovery of peptide sequences that can be labeled selectively by either Sfp (PPTase 1) or AcpS 

(PPTase 2). and unlabeled by AcpH to obtain an orthogonal and reversible labeling system. 

Additionally, we have developed a statistical method, called Peptide Optimization with Optimal 

Learning (POOL), for efficiently discovering minimal peptide substrates from our high-throughput 

peptide screens. By leveraging post-translational modifying enzymes, our project will allow for site-

selective functionalization. 



1 

Chapter 1: Utilizing Chemical Biology and Computational Tools to Understand and 

Engineer Metabolic Pathways 

 

The enoyl-acyl carrier protein reductase (ER), a critical enzyme in type II fatty acid 

biosynthesis, is a promising target for drug discovery against hepatocyte-stage Plasmodium 

falciparum. In order to identify P. falciparum ER-specific inhibitors, we docked 70 FDA-approved, 

bioactive, and/or natural product small molecules known to inhibit the growth of whole-cell blood-

stage P. falciparum into several P. falciparum ER crystallographic structures. Subsequent in vitro 

activity assays identified a noncompetitive low-micromolar P. falciparum ER inhibitor, celastrol, 

from this set of compounds. We also extended this study to identify novel inhibitors using a small-

molecule database from ChemBridge. Two different docking algorithms led to the identification of 

five low-micromolar pyrimidine dione inhibitors of P. falciparum ER.  

Malaria, caused by eukaryotic protists of the genus Plasmodium, is a devastating disease 

that infects a quarter of a billion people annually, costing nearly a million lives [WHO 2012]. 

Resistance to most of the commonly used antimalarials like chloroquine and 

sulfadoxine/pyrimethamine is now widespread, and thus new drugs for combating multidrug 

resistant malaria are urgently needed [Tilley 2011]. Plasmodium survival requires host-derived fatty 

acids (FA) for membrane biogenesis [Khan 2012]. Given that bacterial FA synthesis (FAS) is the 

target of several antibiotics, several studies have sought to similarly inhibit P. falciparum FAS [Rice 

2011, Surolia 2007]. Unlike most eukaryotes (including humans), Plasmodium, like bacteria, utilize 

the type II FAS, which is structurally different from the functionally equivalent human FAS. The rate-

limiting enzyme in malarial FAS, enoyl-acyl carrier protein reductase (ER) [Rock 1995], is 

responsible for the reduction of trans-2-enoyl-ACP to acyl-ACP (Fig. 1.1). As ER inhibitors have 

been shown to impede the growth of P. falciparum, several antimalarial drug-discovery projects 

have focused on ER as a potential target [Rice 2011, Surolia 2007]. 
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Figure 1.1 Reaction scheme of the catalysis of trans-2-enoyl-ACP to acyl-ACP by the enoyl-acyl 
carrier protein reductase (ER) in the fatty acid biosynthetic pathway. Potential inhibitors inhibiting 
ER catalysis serves as a potential drug target. 
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Importance of docking into multiple crystal structures and repurposing small molecules 

towards neglected diseases. We used virtual screening to identify potential ER inhibitors. 70 

repositioned bioactive molecules that inhibited growth of P. falciparum were docked into 83 distinct 

enzyme pockets of P. falciparum ER. The 4 molecules that showed the greatest affinity for ER 

binding pockets were tested in vitro for P. falciparum ER inhibition and identified celastrol (IC50 = 5 

µM) as a hit compound. Interestingly, most ER crystal structures with co-crystallized triclosan 

(TCL), a known ER inhibitor, and NAD+. These structures exhibit “closed pocket” conformations 

that are not compatible with celastrol binding (e.g. PDB: 3AM3) (Fig. 1.2a). However, 2OL4 was 

co-crystallized with a TCL analogue, 2-(2,4-dichlorophenoxy)-5-(3-phenylpropyl)phenol (JPN), that 

displaces the F368 side chain, opening up a back pocket that may be critical for celastrol binding 

(Fig. 1.2b). Celastrol was identified as an ER inhibitor only because of the unique geometry of the 

2OL4 pocket (Fig. 1.2c). These studies highlight the importance of accounting for receptor flexibility 

when performing computer-docking studies.  

Utilizing tandem virtual docking programs to screen for inhibitors. In another related study, 

a consensus of two independent docking programs, AutoDock Vina and Glide, while accounting for 

receptor flexibility, was used to refine the experimental screens and reduce false positives. This 

protocol allowed us to identify new low-micromolar P. falciparum ER inhibitors from the 

ChemBridge small molecule repository. 

Several new low micromolar small molecule inhibitors of P. falciparum ER were identified 

by conducting a virtual screen of the active site. Further lead optimization will focus on elucidating 

the binding interactions by X-ray crystallography and development of nanomolar analog inhibitors. 

As a result of our current work, a drug discovery effort has been launched that may serve as a 

critical next step for structure-based drug design and optimization. Traditionally, computer docking 

has ignored macromolecular flexibility, despite the central role that it plays in modern theories of 

small-molecule binding. Protein binding pockets adopt many different conformations as they move 

dynamically in solution. Only some of these possible conformations position key interacting 

moieties such that they can form ideal electrostatic interactions with a given ligand.  
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Figure 1.2 ENR crystallographic binding pose with TCL, JPN, and celastrol bound in the pocket 
The ER binding pocket is flexible and can accommodate various ligands. Some protein residues 
were removed in order to facilitate visualization. a) The crystallographic pose of triclosan (TCL) 
and the NAD+ cofactor (PDB ID: 3AM3).  b) The crystallographic pose of a triclosan analogue, 2-
(2,4-dichlorophenoxy)-5-(3-phenylpropyl)phenol (JPN) (PDB ID: 2OL4).  Note that the aromatic 
moiety of this analogue alters the binding-pocket geometry by displacing the F368 side chain 
relative to its position when TCL is bound. c) The best-predicted celastrol docking pose, obtained 
when the molecule was docked into the 2OL4 structure. 
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While docking into a single crystal structure may lead to the identification of ligands that 

are amenable to that particular conformation, other ligands that bind alternate conformations may 

be overlooked.  

Furthermore, fatty acid biosynthesis has been an ideal target for metabolic engineering 

and drug discovery. However, it remains poorly understood on a molecular level. These carrier 

protein dependent pathways require fundamental protein • protein interactions to guide reactivity 

and processivity, and their control has become one of the major hurdles in successfully adapting 

these biological machines. Our laboratory has developed methods to prepare acyl carrier proteins 

(ACPs) loaded with substrate mimetics and crosslinkers to visualize and trap interactions with 

partner enzymes, and we continue to expand the tools for studying these pathways. We 

demonstrate application of the slow-onset, tight-binding inhibitor triclosan to explore the 

interactions between the type II fatty acid ACP from Escherichia coli, AcpP, and its corresponding 

ER (FabI). We show that the AcpP • triclosan complex demonstrates nM binding, inhibits in vitro 

activity and be used to isolate FabI in complex proteomes.  

Over the last decade, efforts have revealed remarkable detail about the enzymes involved 

in fatty acid biosynthesis. However, the protein • protein interactions that guide the processivity 

between the multiple enzymatic parts of this process is poorly understood. The acyl carrier protein 

(ACP), a small protein that tethers the growing fatty acid, must interact with a suite of biosynthetic 

enzymes during fatty acid biosynthesis. Unfortunately, visualizing these systems continues to pose 

a challenge due to the transient nature of these interactions. Our laboratory has developed a suite 

of tools to study the interaction between ACP and associated enzymes through the 

chemoenzymatic preparation of ACPs that bear a diversity of tethered functionality on their 

pantetheine terminus (Fig. 1.3). We now describe expansion of this suite of tools to study the 

interaction between ACP and ER domains in E. coli (FabI). FabI is a member of the short chain 

alcohol dehydrogenase/reductase (SDR) family responsible for the reduction of trans-2-enoyl-AcpP 

to acyl-AcpP (Fig. 1.1) [Turnowsky 1996]. A 2.7 Å structure of the AcpP • FabI complex has been 
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solved [Tonge 2006, Burkart 2015]. However, due to the transient nature of this interaction, the 

interface between AcpP and FabI was not well resolved. 

Design of triclosan probe (1). We first sought to leverage our previous work with other ACP 

partner enzymes and apply this approach to ER. However, the design is complicated by the fact 

that ER enzymes do not involve covalent active site intermediates, but rather act via a NADH 

cofactor. We hypothesized that appending a tight, non-covalent ER inhibitor [Tonge 2008, Tonge 

2012] to the terminus of a pantetheinamide probe would provide a modified ACP (termed crypto-

ACP) with sufficient affinity to study ACP • ER interactions [Tonge 2006, Ohsawa 2008]. We began 

by exploring triclosan (Fig. 1.3), a prototypical inhibitor for FabI [Swinney 2004, Tonge 2004, Rock 

2008]. Previous studies suggest that AcpP, the ACP of E. coli, interacts with a cluster of basic 

residues adjacent to the FabI substrate binding loop [Tonge 2006].This loop is disordered in the 

FabI • cofactor binary complex crystal structures and becomes ordered upon binding of NAD+ and 

triclosan to form a ternary FabI • NAD+ • triclosan complex [Tonge 2006] . We sought to mimic this 

tight binding event by appending our triclosan probe to AcpP. 

Affinity assay demonstrates probe and protein • protein selectivity. We used an affinity 

assay to explore the specificity of the crypto-1-AcpP to FabI (Fig 1.4). FabI was covalently 

immobilized on Affi-Gel 10 resin and mixed with a panel of crypto-AcpPs to explore the selectivity 

of the domain specific motif. As seen in Fig. 4a, no crypto-1-AcpP was observed in the supernatant, 

while both FabI (released from the resin) and crypto-1-AcpP were observed in the affinity-isolated 

fraction, indicating that crypto-1-AcpP interacts with FabI. Remarkably, AcpP was not obtained 

when repeating the same procedure using two control probes (Figs. 1.4b-1.4c) domains. This data 

indicated the binding of AcpP to FabI was only engaged with crypto-1-AcpP. The present study 

extends our collection of chemoenzymatic AcpP tools with the first inhibitor-based non-covalent 

triclosan probe 1. This probe was appended to AcpP and was able to recognize and isolate FabI 

from lysates. The low micromolar inhibition of FabI with crypto-1-AcpP reveals a strong interaction 

of our proposed probe with FabI. Our ITC data further supported the enhanced binding of crypto-

1-AcpP to FabI (KD value of 711.9 ± 1.3 nM). 
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Figure 1.3 Schematic of loading of TCL probe onto apo-AcpP and bound with FabI. Application of 
ER probe 1 with triclosan (light blue), a linker (grey) and a pantetheine arm (green). An apo-ACP 
is chemoenzymatically modified with probe 1 yielding crypto-1-ACP, which contains the ER 
specific motif (blue hexagon). The resulting crypto-1-ACP can be used to bind to ER and trap the 
crypto-1-ACP • ER complex. 
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Figure 1.4 SDS-PAGE gel showing FabI resin binding to various crypto-ACPs. FabI resin was used 
to selectively isolate crypto-AcpP. SDS-PAGE gels shown from application of 20 µL of resin bearing 
80 µM FabI to 20 µL of a solution containing 100 µM of a) the ER specific crypto-1-AcpP. Negative 
controls including: b) an α-bromoamide crypto-AcpP and c) a fatty acid crypto-AcpP Lanes depict 
supernatant (S) from and affinity (A) purified fractions. 
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Bacterial and apicomplexan ER domains from fatty acid synthases are currently the target 

of several antibiotics, but point mutations in the active site lead to resistance. Small molecules that 

disrupt the interface between AcpP and ER domains may offer a viable route for antibiotic design, 

but more structural information about this interaction is necessary. We envision the use of probe 1 

or related probes for structural characterization of the AcpP • ER interaction. The structural 

understanding of how ACPs interact with their cognate partner proteins will pave the way for 

metabolic engineering of biosynthetic pathways for the synthesis of pharmaceutically relevant 

secondary metabolites, while also identifying ACP interactions for pathogenic organisms. 

This last project explores the development of a new tool for the orthogonal labeling of 

complex protein systems. We have demonstrated the technology of enzymatic labeling and 

unlabeling of short peptides using post-translational modifying proteins. We aim to identify peptide 

substrates that can be labeled selectively, providing the opportunity for orthogonal and reversible 

protein labeling. Unlike phage display and combinatorial peptide synthesis, the proposed program 

offers a computationally driven “learning” system that adapts peptide scaffolds as tools to guide the 

“evolution” of optimized orthogonal peptide substrates. Using a high-throughput (HT) SPOT 

cellulose membrane screening system in tandem with this computer learning system, our 

preliminary efforts demonstrate that peptides are selectively and reversibly labeled by post-

translational enzymes. Once developed, we will focus our efforts to advance these tools as 

selective markers for modifying proteins. 

Oligopeptides afford a powerful combination of synthetic accessibility and chemical 

diversity that enable their use in varied medicinal and biomaterial applications [Ullman 2011, Frank 

2002]. However, identifying or designing active peptides is experimentally challenging. While 

current methods, such as phage display [Frank 2002] and yeast cell display [Ullman 2011], scan 

large numbers of random peptides, they are limited by the challenges of elucidating potential 

peptide substrates with rational design. We apply a new method called Peptide Optimization with 

Optimal Learning (POOL), which addresses these shortcomings. 
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Over the past decade, our laboratory introduced the technology of 4’-

phosphopantetheinylation as a versatile tool for protein modification. The post-translational 

enzymes that activate fatty acid synthase (FAS), polyketide synthase (PKS), and non-ribosomal 

peptide synthetase (NRPS) carrier proteins show great versatility in substrate identity [La Clair 

2004]. Carrier proteins in these pathways are modified at a conserved serine residue with 

coenzyme A (CoA) derived 4’-phosphopantetheine by a 4’-phosphopantetheinyltransferase 

(PPTase) [Burkart 2014]. PPTases consists of two stand-alone families, Sfp type and AcpS type. 

Both families modify a conserved serine found in their associated carrier proteins [Burkart 2007] 

and short peptides [Walsh 2005, Walsh 2007]. We leveraged our machine learning technology 

(POOL) to identify short peptides that are labeled by specific PPTases and unlabeled by the acyl 

carrier protein phosphodiesterase (AcpH). We have challenged the limits of machine learning 

technology toward a platform that can predict (1) labeling of peptides by PPTases (2) unlabeling 

by AcpH and (3) orthogonal peptides that are labeled by one PPTase (Sfp-type vs AcpS-type) over 

the other. To our knowledge, this study is the first demonstration of a computationally driven 

“learning” system that utilizes peptide scaffolds as tools to guide the “evolution” of optimized 

orthogonal peptide substrates. Using a HT-SPOT screening system in tandem with a computer 

learning algorithm (Fig.1.5), we identified peptides that are selectively labeled by PPTases and 

unlabeled by AcpH. Previously, the SPOT synthesis technique has been used as a tool for a broad 

spectrum of protein•protein and protein•ligand interactions [Volkmer 2009]. We have constructed a 

SPOT peptide array on a cellulose membrane capable of arraying 600 unique minimal peptides 

(Fig. 1.5). Preliminary results enable identification of peptides that display selective labeling by 

PPTase and unlabeling by AcpH as highlighted in green in Figure 1.5.  
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Figure 1.5 Overview of POOL method and scheme of PPTase labeling and AcpH unlabeling on 
cellulose membrane a) Overview of the POOL method. Known and confirmed peptide sequences
are inputted into the machine learning algorithm in order to provide peptide sequences. Shown as
a 3x1 sample matrix, peptides are synthesized on a cellulose membrane. The membrane is labeled 
(highlighted magenta) with a fluorescent CoA analog (red hexagon) by its respective PPTase and
unlabeled with AcpH (highlighted green). b) Scheme of PPTase labeling and AcpH unlabeling with
3x 3 sample matrix of peptide labeling with rhodamine (red hexagon) and unlabeling. After labeling
and cleavage, the membrane is scanned on a Typhoon imager (Ex/Em = 532/580 nm). The spots
are quantitatively measured and “hit” peptides are identified by the large difference in intensities
(denoted green in heat map). 
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Machine-learning techniques are well-suited to query multiple complex questions 

simultaneously, as experimental information from each round guides subsequent rounds. In this 

way, random generation of peptides in other methods may be replaced by smaller, judiciously 

chosen sets that rapidly converge on peptides with a desired activity. Based on our results, this 

study provides an efficient and rationale platform for querying multiple complex questions toward 

other biochemical systems.   

Experimental confirmation of predicted peptides. Experimental confirmation is conducted 

by the synthesis of membrane arrays containing 600 selected peptides. The peptides are 

synthesized and displayed on a cellulose membrane and then screened for activity (Fig. 1.5b). 

Although this approach does not sample as many peptides as directed evolution methods (e.g. 

phage display), it does not require a selection mechanism and allows detailed control over which 

peptides are synthesized and tested. By leveraging post-translational modifying enzymes, such as 

PPTases and AcpH, this method would allow for site-selective functionalization.  

Assessing machine learning success. Prior to embarking on this study, many Sfp-type 

protein substrates were extracted from literature, while very few AcpS-type protein substrates were 

known [Walsh 2005, Burkart 2014]. In addition to YbbR, only two orthogonal peptides for Sfp and 

AcpS were previously identified by phage display [Walsh 2007]. With the exception of YbbR, no 

other peptides were shown to unlabel by AcpH [Burkart 2014].  

 After four iterations between our SPOT labeling/unlabeling experiments with POOL, 

multiple peptides displayed orthogonal labeling by Sfp and AcpS, and also unlabeling by AcpH (Fig. 

1.6a-d). Initial rounds of Sfp hits (labeling and unlabeling) were significantly larger than AcpS hits 

due to the preliminary training information input from a variety of truncated known carrier protein 

targets. Iterative cycling of experimental input from membrane treatments with orthogonal PPTases 

(Sfp and AcpS) and AcpH with POOL showed an increase in the number of peptide hits (Fig. 1.6 

a-d) after several rounds. Interestingly, when we initially tested for AcpS less than five hits were 

identified. The last round of AcpS treatment shows a 10-fold increase in hits after a several rounds 
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(Fig. 1.6c). This suggests that iterative machine learning of peptide hits over several rounds is 

advantageous.  

Preliminary results confirm that the POOL method can predict (1) labeling of peptides by 

PPTases (2) unlabeling by AcpH and (3) orthogonal peptides that are labeled by one PPTase (Sfp-

type vs AcpS-type) over the other in four rounds. This technology not only highlights POOL’s 

strength to judiciously choose peptides in fewer rounds, but also identifies diverse peptides that is 

not biased by a selection mechanism. More specifically, this project highlights our advances in 

protein labeling: (1) reversible tagging, and (2) a robust and rational computational algorithm to 

predict peptide labels that are also orthogonal. We are currently attaching these peptide tags to 

fusion proteins (e.g. GFP and ubiquitin) to assess their in vitro and in vivo capabilities. This work 

serves not only to identify peptides that can be used as protein tags, but to also develop machine 

learning methods with chemical biological applications.  
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Figure 1.6 Bar graph showing increase in orthogonal peptide labeling and unlabeling. POOL 
method demonstrates an increase of orthogonal peptide labeling and unlabeling over 4 rounds. a)
peptides labeled specifically by Sfp b) peptides specifically labeled by Sfp and unlabeled by AcpH
c) peptides labeled by AcpS d) peptides labeled by AcpS and unlabeling by AcpH. 
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Chapter 5: Peptide Optimization by Optimal Learning (POOL): Identification and refinement 

of peptides for reversible chemoenzymatic labeling 

  

Introduction 

Oligopeptides afford a powerful combination of synthetic accessibility and chemical 

diversity that enable their use in varied medicinal and biomaterial applications [Ullman 2011, Frank, 

2002]. However, identifying or designing active peptides can be experimentally challenging.  One 

broad approach involves directed evolution, through iterative cycles involving initial preparation of 

a library of random variants of an initial set of peptides, followed by selection of actives as the basis 

for a new generation. Such methods include phage display, yeast cell display, bacterial display, 

ribosome display, and mRNA display [Ullman 2011, Frank 2012]. This approach efficiently scans 

large numbers of preferred peptides, but is limited by challenges assembling a selection technique 

particularly for elucidating multiple complex inquiries with rationale design. We apply a new method 

called Peptide Optimization with Optimal Learning (POOL), which addresses these shortcomings.  

The POOL method starts by choosing the top-scoring peptide according to an initial model 

learned from existing experimental data (Figure 1). It then learns a new model based on the same 

set of experimental data, along with an assumption (without experimental confirmation) that the 

top-scoring peptide actually was inactive; and chooses the top-scoring second peptide based on 

this new model. A third model is then learned, based on the experimental data and an assumption 

the neither of the first two peptides are active, and the top-scoring peptide from this third model is 

chosen.  This process iterates, so that each successive peptide is chosen based on a model which 

uses the existing experimental data and an assumption that all previously chosen peptides in the 

present set are inactive, until the desired number of peptides to be tested has been chosen. In this 

way, the POOL approach explicitly builds in a contingency plan that combats prediction errors in 

previously added peptides. A mathematical guarantee is available for the quality of the set of 

peptides constructed by this approach: its probability of containing at least one active peptide is 

never smaller than the fraction 1-1/e (≈63.2%) of the probability under the best set of peptides to 
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test, i.e., the set with the largest probability of containing an active peptide according to the model. 

The POOL approach also drives greater diversity in the set of peptides chosen for optimization, 

relative to the naïve and mutational methods of peptide selection.   

Experimental confirmation is conducted by the synthesis of membrane arrays containing 

much smaller (e.g. 600 peptides maximum) numbers of specifically selected peptides. The peptides 

are synthesized and displayed on a cellulose membrane and then screened for function [Frank 

2002, Hillpert 2007, Smith 2011]. Although this approach does not sample as many as peptides as 

directed evolution methods (e.g. phage display), it does not require a selection mechanism and 

allows detailed control over which peptides are synthesized and tested.  

We leveraged our machine learning technology (POOL) by querying multiple complex 

questions to identify short peptides that are labeled by specific phosphopantethenyl transferases 

(PPTases) and unabeled by the acyl carrier protein phosphodiesterase (AcpH) (Supplementary 

Figure 1A). We have challenged the limits of machine learning technology toward a platform that 

can predict (1) labeling of peptides by PPTases (2) unlabeling by AcpH and (3) discriminate 

(orthogonality) between various peptides that can be labeled by selective by one PPTase over the 

other. To our knowledge, this study would be the first demonstration of a platform computationally 

driven “learning” system that adapts peptide scaffolds as tools to guide the “evolution” or selection 

of optimized orthogonal peptide substrates that can be labeled and unlabeled. Using a high-

throughput (HT) SPOT cellulose membrane screening system in tandem with a computer learning 

algorithm to optimize peptide identity, our efforts demonstrate that peptides are selectively labeled 

by PPTases and unlabeled by AcpH (Figure 5.1).  

Binary methods can simply determine whether a peptide is active or inactive system. 

Machine-learning techniques are well-suited to query multiple complex questions simultaneously, 

as they can allow information from one round of synthesis and testing to guide subsequent rounds.  

In this way, the vast but random generation of peptides in methods like phage display may be 

replaced by smaller, judiciously chosen sets, with the potential to rapidly converge on peptides with 
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a desired activity. Based on our results, this study provides an efficient and rationale platform for 

querying multiple complex questions toward other biochemical systems. 

Results and Discussion 

Trends in POOL data. Embarking on this study, many Sfp-type protein substrates were 

extracted from literature, while very few AcpS-type protein substrates were known [Yin 2005, 

Pippig, 2014, Kosa 2012]. In addition to ybbR, only two orthogonal peptides for Sfp and AcpS were 

previously identified by phage display [Zhou 2007]. With the exception of ybbR, no other peptides 

were shown to unlabel by AcpH. [Kosa 2012]. After four iterations between our SPOT 

labeling/unlabeling experiments with POOL, multiple peptides displayed orthogonal labeling by Sfp 

and AcpS also unlabeling by AcpH (Figure 5.2 a-b). We chose to use POOL to identify orthogonal 

hits from two parallel SPOT membranes containing the same peptides, but utilizing two different 

PPTases, while retaining the same AcpH. Two SPOT membranes are rapidly evaluated to identify 

peptides labeled by two different PPTases, but also unlabeled by AcpH (shaded in green, Figure. 

5.1). After one round treating duplicate membranes for both PPTases (labeling) and AcpH 

(unlabeling), these peptides were entered into POOL for training to provide peptide predictions for 

the next round. This process is repeated four times to identify novel peptide substrates. 

Initial rounds of Sfp hits (labeling and unlabeling) were significantly larger than AcpS hits 

due to the preliminary training information input from a variety of truncated known carrier protein 

targets (Kosa 2014). Iterative cycling of experimental input from membrane treatments with 

orthogonal PPTases (Sfp and AcpS) and AcpH with POOL showed an increase in the number of 

peptide hits (Figure 5.2 a-b) after several rounds. To gauge the effectiveness of POOL, a receiver 

operating characteristic (ROC) curve was calculated to show the likelihood of POOL predicting a 

true positive hit. An ROC curve showing a straight line indicates that POOL predicts peptides similar 

to flipping  a coin (50:50 chance) (Figure 5.2 d-e). The last round of AcpS treatment shows a 10-

fold increase in hits after a several rounds (Figure 5.2b). POOL has a higher probability of predicting 

that at least one peptide in a batch is a hit compared to alternative prediction models (Naïve and 

mutation) (Figure 5.2c). 



84 

 

 

  

Figure 5.1 Overview of iterative peptide optimization with optimal learning (POOL) workflow. High-
throughput (HT) screen for peptides that show orthogonal activity in select PPTase/AcpH enzyme 
pairs. A three-step HT screening protocol has been developed using SPOT technology to 
synthesize peptide libraries on membranes and screen for their activity in PPTase labeling 
(indicated by the addition of red hexagonal reporter) and AcpH cleavage (loss of red hexagonal 
reporter). Raw data collected from one run of the assay indicates the levels of tag incorporation for 
each spot. An expansion of 3 × 3 matrix of spots depicts the processing of a small subset of the 
array resulting in the identification of one peptide (highlighted in green) that displays PPTase/AcpH 
selectivity. Peptides are indicated as chain of spheres. 
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Figure 5.2 Evaluation of POOL predictions. Iterative cycling of experimental input from membrane 
treatments with orthogonal PPTases (Sfp and AcpS) and AcpH with POOL showed an increase in 
the number of peptide hits (Figure 2 a-b) after several rounds. Relative to other benchmark method 
(naïve and mutation), POOL markedly shows a higher probability that there is a peptide hit after 
artificial training of the initial 50 known peptide hits (Figure 2c). An ROC curve showing a straight 
line indicates that POOL predicts peptides similar to flipping a coin (50:50 chance). POOL shows 
a curvilinear trend towards true positive hits indicating that POOL recommends more peptide hits 
after several rounds (Figure 2 d-e). 
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To demonstrate peptide specificity for each ascribed PPTase-AcpH pair (Sfp-AcpH and 

AcpS-AcpH), the top two lead peptides demonstrating fast catalytic efficiencies were synthesized 

on the surface of the membrane (Figure 5.3). Peptide ESIETVELLC, specific to Sfp-AcpH, was 

synthesized on the cellulose membrane to spell U-C-S-D. Conversely, peptide AESSDTRLW, was 

synthesized on the cellulose membrane to spell out A-F-O-S-R. Two fluorescent CoA analogs, 

TAMRA-CoA (4) was used as a substrate for Sfp treatment, while fluorescein-CoA (5) was used as 

a substrate for AcpS to show the color-code specificity for each PPTase. After treatment by Sfp 

with TAMRA-CoA, specificity towards the UCSD was illuminated when excited 532 nm and emitted 

580 nm (Figure 5.3). After treatment with AcpH, the UCSD peptide labeling showed decrease in 

intensity suggesting that TAMRA fluorophore was hydrolyzed off the peptide (Figure 5.3). After 

treatment of the membrane with AcpS, the AFOSR peptides illuminated when excited at 488 nm 

and emitted at 526 nm.  
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Figure 5.3 Demonstration of orthogonal labeling. Peptide synthesized as U-C-S-D is specific 
towards Sfp/AcpH, while peptide A-F-O-S-R is specific towards AcpS labeling substrate for Sfp or 
AcpS, was synthesized to fill in the rest of the spots on the membrane.  
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Conclusion 

We have challenged the current limits of machine learning to query multiple complex 

questions toward a biochemical application that has not been well understood. Not only have we 

identified many short peptides using orthogonal PPTases and AcpH as a model system for POOL, 

but we can also apply POOL toward understanding other complex biochemical modifications. The 

kinetically characterized lead peptides identified by POOL can offer unique minimal peptide 

substrates that can both label and unlabel sequentially through selective enzyme reactions. As a 

result, this enzyme pair can be used towards applications in biological studies and the preparation 

of novel materials. By leveraging post-translational modifying enzymes, future studies would allow 

for the discovery of site-selective functionalization.  

Classical methods for discovering short peptide substrates offer large library sizes that are 

randomly generated. Unlike these methods, we describe a new method that utilizes a machine 

learning algorithm adapting peptide scaffolds to guide the selection of optimized orthogonal peptide 

substrates. Coupled with the SPOT technology, POOL offers a mathematically driven approach to 

rapidly identify peptide substrates in order to discover new (1) peptide substrates with multiple 

partner enzymes and (2) peptide substrates that are selective between functionally identical 

enzymes that can be applied to a variety of biochemical platforms. 
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Supplementary Information 
A. 

 

B. 

 

Supplementary Figure 5.1 A. Reaction scheme illustrating labeling by PPTase and unlabeling by 
AcpH of carrier protein by conserved serine. B. Surrogate peptide of carrier protein labeled by 
PPTase and AcpH.  
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Supplementary Figure 5.2 Overview of POOL process for recommending peptides. 



93 

 

 

SUPPLEMENTARY METHODS 

 Machine Learning. Initial peptides were obtained from verified known carrier protein targets for 

B. subtilis  Sfp and S. coelicolor AcpS (See Figure S3). Additionally, the short 11-amino acid 

sequence, YbbR (DSLEFKIASKLA), as previously discussed [REF WALSH], was included as the 

initial dataset for the learning algorithm. Then the learning algorithm interactively queries the 

experimentalists to test a group of desired peptides (usually 300-500 peptides), and incorporates 

the test results as new data points into the dataset to update the learning model. This process is 

repeated iteratively for a few rounds, and the goal is to  

The mathematical analysis used to recommend peptides to test next comprises two pieces 

(see figure one).  The first uses a machine learning method, Naive Bayes [Lewis 1998], to predict 

the probability that a given peptide sequence will be a "hit" (a substrate for both in a target pair of 

protein-modifying enzymes), based upon previously collected training data.  The second uses value 

of information analysis [Howard 1966, Frazier 2010], together with the probabilities calculated by 

Naive Bayes, to find a set of peptides to test next that, considered together as a group, have 

maximum probability of containing at least one short hit. 

 

Analysis of Peptide Hits. After treatment of by PPTases and AcpH, membranes were were 

analyzed using ImageJ software (National Institute of Health). TAMRA-labeled membranes were 

imaged on a Typhoon (GE Healthcare) gel scanner at 50-μm resolution with a photomultiplier tube 

(PMT) setting of 350 and using a 532-nm (green laser) excitation and 580BP30 emission filter. 

Fluorescein-labeled membranes were also imaged with a photomultiplier tube (PMT) setting of 350 

and using a 488-nm (blue laser) excitation and 526SPFluorescein emission filter. 

 

Recombinant protein purification. PPTases, B. subtilis Sfp and S. coelicolor AcpS, were 

expressed and purified as previously described [REF]. Briefly, cells were grown at 37 °C in terrific 

broth media containing 100 mg/L kanamycin sulfate to an OD of 0.8. The cells were induced with 

a final concentration of 250 mM of IPTG and grown overnight at 16 °C. The cells were harvested 
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by centrifugation at 1,000 g for 30 minutes, resuspended in lysis buffer (50 mM Tris/HCl buffer (pH 

7.5) with 250 mM NaCl), and supplemented with 0.1 mg/mL lysozyme (Worthington Biochemical 

Corp), 5 µg/mL DNAse I (Sigma), and 5 µg/mL RNAse (Worthington Biochemical Corp.). The cells 

were lysed by French pressure cell press between 500-1,000 psi. The lysate was subsequently 

centrifuged at 12,000 g for 45 minutes, and the supernatant was bound with Ni-NTA resin (Qiagen). 

The column was sequentially washed with 50 mM Tris/HCl buffer (pH 7.5) with 250 mM NaCl and 

25% glycerol, 10 mM buffered imidazole, followed by elution at 300 mM buffered imidazole. The 

purified protein was desalted into 50 mM Tris/HCl buffer (pH 7.5) with a PD-10 desalting column 

(GE Healthcare Life Sciences) and concentrated with a 10-kDa Amicon spin filter (Milipore). The 

concentrated sample was subsequently stored in 20% glycerol, 50 mM Tris/HCl buffer (pH 7.4) with 

150 mM NaCl at -80°C after flash freezing in liquid nitrogen. 

P.fluorescens AcpH was expressed and purified as previously described [Kosa, 2014, 

RSC]. Briefly, cells were grown in terrific broth media at 37 °C to an OD of 0.8 containing 100 mg/L 

kanamycin sulfate. The cells were harvested by centrifugation at 1,000 g for 30 minutes, 

resuspended in lysis buffer (50 mM Tris/HCl buffer (pH 8) with 250 mM NaCl and 25% glycerol, 

and supplemented with 0.1 mg/mL lysozyme (Worthington Biochemical Corp), 5 µg/mL DNAse I 

(Sigma), and 5 µg/mL RNAse (Worthington Biochemical Corp.). The cells were lysed by French 

pressure cell press between 500-1,000 psi. The lysate was subsequently centrifuged at 12,000 g 

for 45 minutes, and the supernatant was bound with Ni-NTA resin (Qiagen). The column was 

sequentially washed with 50 mM Tris/HCl buffer (pH 8) with 250 mM NaCl and 25% glycerol 

followed by a 10 mM buffered imidazole, eluted with 300 mM buffered imidazole . The purified 

protein was desalted into 50 mM Tris/HCl buffer and 25% glycerol (pH 8) with a PD-10 desalting 

column (GE Healthcare Life Sciences) and concentrated with a 10-kDa Amicon spin filter (Milipore) 

and flash frozen in liquid nitrogen at -80°C. 
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Synthesis  

Pantetheine fluorophores 

  

 

5- TAMARA: N-(6-aminohexyl)-3',6'-bis(dimethylamino)-3-oxo-3H-spiro[isobenzofuran-1,9'-

xanthene]-6-carboxamide trifluoroacetate salt (1):   (250mg, .4mmol) was dissolved in 5mL of 

TFA and stirred for 2 hours at room temperature.  
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5-TAMRA Pantetheine: Tert-butyl-(6-(3',6'-bis(dimethylamino)-3-oxo-3H-

spiro[isobenzofuran-1,9'-xanthene]-6-carboxamido)hexyl)carbamate (2). To a stirred solution 

of 5-TAMRA (300 mg, .69 mmol) in dry DMF (3 mL) was added HATU ( 300mg, .84 mmol)  and 

DIPEA (250 uL, 1.35mmol).  The solution was stirred under nitrogen at room temperature for 30 

minutes. N-Boc-1,6-diaminohexane (180mg, 0.84 mmol) was then added and the solution was left 

stir over night under nitrogen.  The solution was then concentrated to dryness in vacuo then 

resuspended in 100mL of DCM and washed with aq NaHCO3 (sat.) 3 x 50mL and brine 50 mL.  The 

organic layer was dried over anhydrous Na2SO4 and then concentrated to dryness in vacuo. The 

residue was then run on silica gel in acetone to afford the product X (56.9%) as a purple solid.  1H 

NMR (500 MHz, CDCl3) : δ=  8.40 (bs, 1H), 8.20 (d, 1H, J= 8.1 Hz), 7.25 (d, 1H, J= 8.1 Hz), 6.59 

(d, 2H, J= 8.8 Hz), 6.49 (d, 2H, J= 2.6 Hz), 3.48 (q, 2H, J= 6.0 Hz), 3.13 (m, 2H), 3.00 (s, 12H), 

1.66 (m, 2H), 1.49 (m, 4H) 1.44 (s, 9H), 1.36 (m, 2H) 13C NMR (500 MHz, CDCl3): δ=169.13, 

165.94, 156.09, 153.01, 152.25, 136.32, 134.12, 128.70, 124.69, 122.86, 108.79, 106.26, 98.37, 

79.03, 40.19, 40.00, 39.75, 29.97, 29.25, 28.37, 26.06, 25.82.  HR-MS [M+H]+ Theo: 629.3334 

Obs: 629.3330. 
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FITC-pantetheine (3): The synthesis for compound 5 has previously been reported [Beld 2014]. 
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TAMRA-CoA (4)     Fluorescein-CoA (5) 

TAMRA-CoA (4) and Fluorecein-CoA (5). Compound 3 and 4 were synthesized in situ using CoA 

biosynthetic enzymes (CoaA, CoaD, CoaE) as previously reported [Ref Worthington 2006 ACS 

chem bio]. The 1 mL reaction volume was incubated at 37 °C for 4-6 hours and contained a final 

concentration of 50 mM Tris/HCl buffer (pH 7.5), 32 mM ATP (pH 8), 0.01 µg/µL S. aureus 6-His 

CoaA, 0.01 µg/µL E. coli MBP-CoaD, and 0.01 µg/µL E. coli MBP-CoaE. The lyophilized reaction 

mixture was purified by semi-preparative HPLC using a reverse-phase protein peptide C18 column 

with a gradient of 20- 80% (vol/vol) acetonitrile in 0.1% (vol/vol) TFA/water over 30 minutes. Purified 

compound 3 was lyophilized and identity confirmed by HRMS: C50H65N10O20P3 1219.03, found. 

Compound 4 was also lyophilized and identity confirmed by HRMS: C42H47N9O21P3S- 1138.86, 

found. 
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Rhodamine-mCoA (6) was prepared as previously described [Yasgar and Foley 2009]. Briefly, 1 

equivalent of coenzyme A trilithium salt  (# mg, # mmol) (Sigma-Aldrich) was reacted with 1.1 

equivalents of rhodamine maleimide (# mg, # mmol) (Invitrogen Corporation, Carlsbad, CA) in 10 

mM NaH2PO4 buffer (pH 7.4) and monitored to completion by HPLC. The reaction mixture was 

extracted in triplicate with equivalent volume of dicholormethane. The aqueous phase was 

lyophilized overnight and stored in 10 mM NaH2PO4 (pH 7.4) at -20 °C. [HRMS data] 

 

SPOT Synthesis of Cellulose Membrane Peptides. The peptides were synthesized on an amino-

PEG-cellulose 10 x 15 cm membrane and synthesized automatically by MultiPep RSi (INTAVIS 

Bioanalytical Instruments AG).  Synthesis was initialized with the spot definition. After Fmoc 

cleavage with 20% 4-methyl piperidine (Sigma) in dimethylformamide (DMF), activated with 1 

equiv. Hydroxybenzotriazole (HOBt) and 2 equiv. n-methylpyrrolidone (NMP), and directly spotted 

on the membrane; after 15 min this step was repeated. The membrane was washed with DMF (3 

× 3 min). Solutions of the Fmoc amino acids in NMP were spotted on the membrane (0.6 M 

solutions; 0.8 M solutions for C, H, N, Q, and R; triple coupling, 15 min each). The Fmoc group was 

removed from the spots, and the sequences of the peptides were completed using the standard 
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SPOT synthesis protocol and followed by a N-terminal tag. Membranes were stored at -20 °C until 

treated. 

 

Membrane treatment. Synthesized membranes were deprotected with cleavage cocktail 

consisting of 94% TFA, 2.5% water, 1% triisopropylsilane (Sigma), and 2.5% 1,2-ethanedithiol 

(Sigma) shaking at 2 hours at room temperature. The membranes were washed in triplicate with 

dichloromethane (Sigma), ethanol (Sigma), distilled deionized water, and Triton-X Tris-buffered 

saline (T-TBS) (20 mM Tris/HCl buffer (pH 7.4) with 150 mM NaCl) respectively. The membrane 

was incubated with 5% bovine serum albumin (BSA) for 1 hour at room temperature. Following 

blocking by BSA, the membranes were washed with T-TBS. 

 

The membranes were subjected to labeling by their respective either B. subtilis Sfp or S. coelicolor 

AcpS. The final 20 mL reaction volume consisted of 10 µM PPTase enzyme, 40 µM rhodamine-

maleimide CoA, 0.01% Triton-X, and 15 µM BSA in 50 mM Tris/HCl buffer (pH 8.0) and 10 mM 

MgCl2. The reaction was incubated for 16 hours at 37 °C. The membranes were rinsed liberally 

with T-TBS buffer, 0.1% TFA, and distilled deionized water before imaging on visualized on a 

Typhoon TRIO Variable Mode Imager (GE Healthcare BioSciences) at 50-μm resolution with 

532 nm green laser excitation and 580 nm emission filter and a photomultiplier tube setting of 500. 

Following imaging, the membranes were treated with P.fluorescens AcpH. The final 20 mL reaction 

volume consisted of 50 mM MgCl2, 2 µM P.fluorescens AcpH, 0.01% Triton-X, 15 µM BSA, and 1 

mM MgCl2 in 50 mM Tris/HCl buffer (pH 8.0) and 10 mM MgCl2. The reaction was incubated for 16 

hours at 37 °C. Following treatment of P.fluorescens AcpH, the membranes were rinsed and 

visualized as previously described. 

  



101 

 

 

Chapter 5, in full, is currently being prepared for submission for publication as Tallorin, 

Lorillee; Wang, JiaLei; Kim, Woojoo E.; Kosa, Nicolas M.; Yang, Pu; Thomspon, Matt; Sahu, 

Swagat; Gilson, Michael K.; Gianneschi, Nathan C.; Frazier, Peter I.; and Burkart, Michael D. 

“Peptide Optimization by Optimal Learning (POOL): Identification and refinement of peptides for 

reversible chemoenzymatic labeling.” The dissertation author was the co-author investigator and 

co-author of this paper with JiaLei Wang. 

 

 

 

 




