
105 

Chapter 6: Conclusion 
 

 Computer simulation tools play an important role in established branches of 

engineering, such as designing aircraft, bridges, buildings, and circuits.  In many 

cases, the computer can tell us how good our design is before we even build it.  Our 

goal is to produce tools that will move protein engineering towards the same level of 

sophistication.  Specifically, we’ve developed an algorithm to engineer a new ligand 

binding site into a protein, or remodel an existing one to fit a different ligand.  This 

algorithm could eventually be used to design custom sensors, enzymes, and protein 

therapeutics. 

 The design algorithm has two major components: a calculation to determine 

the ligand’s binding affinity for a given amino acid sequence, and a genetic algorithm 

that “evolves” the amino acid sequence to optimize the calculated binding affinity.  To 

calculate the energy of a given molecular conformation, we use a standard molecular 

mechanics potential with an accurate continuum solvent model.  To model 

conformational changes and thermal fluctuations, we represent the protein / ligand 

system as a probabilistic ensemble of different backbone, side chain, and ligand 

conformations.  To ensure stability and specificity, we compare the free energy of the 

bound state with several competing states, such as the unbound state or the protein 

bound to a related molecule. 

 Using this algorithm, we were able to predict binding constants, active site 

structures, and to design new small molecule binding proteins (Figure 30).  This is the 

first successful redesign of an entire binding site based on an unmodified molecular-
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mechanics potential energy function.  It is also the first time a single model has been 

used to predict structures, binding constants, and to design new small-molecule 

binding sites. 
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We developed a physics-based model … 
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Designing for specificity 

 In this thesis, the genetic algorithm was used to select for affinity and stability.  

Other types of selections are also possible.  For example, we can select for specificity, 

hydrogen bonding, geometry of catalytic residues, etc.  Figure 31 shows that we can 

select out mutants of arabinose binding protein (ABP) that have various combinations 

of predicted affinity and specificity for arabinose and galactose.  Native ABP binds to 

both arabinose and galactose.  Figure 32 shows that predicted specificity for arabinose 

is achieved by creating a steric clash with the extra CH2OH group in galactose. 
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Figure 31.  Designing for specificity in arabinose binding protein. 
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Figure 32.  Structural determinants of specificity. 

Space for galactose CH2OH is seen in the native and arabinose binding design (both of which bind galactose), but not in the specificity design. 
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Energetic vs structural predictions 

We have found that structures are easier to predict than energies.  This can be 

understood as follows.  If the bound state is a deep well in the energy landscape, then 

errors in the energy function will affect the well depth (dissociation energy) much 

more than the well position (bound structure).  See Figure 33. 

 
 

Figure 33.  Energetic vs structural predictions in an inaccurate energy model. 

 

 

Comparison to more established branches of 

engineering 

 Computational protein design is a young field.  Can we take any clues from 

more established branches of engineering?  For example, in electronic circuit design, 

if you connect a bunch of transistors in a random fashion, it will be very difficult to 

predict the behavior of the system without doing detailed computer simulations.  Yet, 
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this is our approach to protein design: generate a bunch of random sequences and try 

to predict their behavior.  Of course, circuits are not designed that way.  Instead, 

circuits are built up from a set of modular components, with well defined rules for 

how these modules can be connected to each other.  For example, logic inputs have to 

be at 0 or 5 volts, you can’t switch them too fast, there’s a maximum amount of 

current you should try to draw from certain outputs, and so on.  If you follow these 

rules, then you can understand the behavior of the system just by thinking about it.  

However, if you violate the rules, then it’s harder to predict what will happen, and you 

have to look inside each module to figure out what will happen. 

 Similarly, it might be possible to design a set of modular components for use 

in protein engineering.  For example, specific protein-protein interaction motifs might 

be displayed side-by-side in a combinatorial fashion to create a larger set of interaction 

motifs. 

 Alternatively, there might be a set of rules for identifying amino acid 

sequences whose behaviour will be difficult to predict.  This set of rules would be 

used to screen which sequences are run through a mean field calculation. 

 

 

Application: Sensors 

 Binding is perhaps the simplest function that a protein can perform.  However, 

with appropriate modifications to the scoring function that the genetic algorithm uses 

to select “good” sequences, the binding site design algorithm can be extended to 

engineer proteins with more sophisticated functions. 
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 For example, if the binding event can be transduced into a detectable signal, 

this would produce a biosensor (Figure 34).  One strategy involves adding a prosthetic 

fluorophore that occludes a binding site.130  Then, when the ligand binds, the 

fluorophore will swing out into solvent, changing its fluorescence.  A second strategy 

involves attaching two fluorophores or fusing two fluorescent proteins to a protein that 

undergoes a conformational change upon binding.131-134  Then, ligand binding can be 

detected as a change in fluorescence resonance energy transfer (FRET).  A third 

strategy involves taking an allosteric enzyme that produces a colored product, and 

engineering a binding site that stabilizes the enzyme’s active conformation.135,136 

 

 

 
 
 
Figure 34. Biosensor.  Binding induces a conformational change that 
results in a change in fluorescence or enzymatic activity. 

 

 There already are many systems for detecting small molecules from complex 

mixtures, including mass spectrometry, antibody-based assays, enzyme-coated 

electrodes, and arrays of materials whose electrical or physical properties change 

when molecules are adsorbed.  Computationally engineered protein biosensors have 

some potential advantages over these competing technologies.  Importantly, the signal 

readout is directly coupled to binding, does not require additional reagents or 
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expensive equipment, and the analyte does not need to be labeled.  Furthermore, once 

a suitable sensor scaffold is identified, it can be engineered to detect a wide range of 

different molecules, enabling the creation of small-molecule microarrays that could 

detect a panel of biomarkers for medical diagnostic purposes (Table 13). 
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Application  Molecule 
Subcellular fluorescence 
imaging of signaling 
molecules 

 IP3, cAMP, leukotrienes 

Detecting bacteria Gram negative bacteria lipid A (conserved portion of LPS) 
 Staph. aureus toluene 
 Klebsiella pneumoniae methyl ethyl ketone 
 Pseudomonas aeruginosa o-aminoacetophenone 
 Bacillis dipicolinic acid 
 Bacterial vaginitis putrescine 
Blood / urine tests Metabolic molecules ≈ 2500 metabolites in humans 
 Hormones  
 Therapeutic drugs with a low therapeutic 

index 
theophylline, digoxin, phenytoin, 
cyclosporine, methotrexate 

 Illicit drugs  
 Toxins  
Cancer screening Lung cancer in breath: toluidine, 

acetophenone, benzothiazole 
 Pheochromocytoma or neuroblastoma in urine: vanillylmandelic acid 
 Carcinoid tumors in urine: 5-hydroxyindoleacetic 

acid 
Fertility test In axillary secretions during ovulation: dehydroxyepiandrosterone sulfate 

 

Table 13.  Sensor applications. 
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Application: Custom enzymes 

 Modeling enzymes computationally is much more difficult than modeling non-

covalent binding, because making and breaking covalent bonds needs to be treated 

quantum mechanically.  However, simply binding the substrates in the correct 

orientation required for reactivity and hence stabilizing the transition state, can 

significantly speed up a reaction.  For example, when the entire catalytic triad (Asp, 

His, Ser) of a serine protease is mutated, the mutant enzyme still produces 3 orders of 

magnitude of rate enhancement.137  Published catalytic antibodies provide up to 8 

orders of magnitude rate enhancement, although 4 orders of magnitude is more 

typical.  Thus, even if we ignore covalent chemistry, we can still get significant 

catalysis with non-covalent stabilization of the transition state (Figure 35). 

 Furthermore, if we do know the desired geometry of the catalytic residues, we 

can ask the genetic algorithm to rank sequences based on both non-covalent transition 

state stabilization and proper predicted orientation of the catalytic residues. 

 

 

 
 
 
Figure 35.  Binding to the transition state of a reaction catalyzes that 

reaction. 

 

 



Chapter 6: Conclusion 

 116

 Custom enzymes could be used for chemical synthesis and pharmaceutical 

manufacturing.  The extraordinary specificity of enzyme-catalyzed reactions stands in 

stark contrast to inorganic catalysts, which are typically very promiscuous.  Thus, 

laboratory synthesis of complex molecules typically involves multiple steps, and 

multiple protecting groups that have to be added and removed at various points during 

the reaction.  Having a customizable toolbox of enzymes that performs a desired set of 

reactions specifically could enable one-pot multi-step synthesis without protecting 

groups. 

 Other possible applications for custom enzymes include: custom proteases and 

restriction enzymes for molecular biology experiments, enzymes to degrade toxins and 

biofilms, and enzymes to remove antigens from transplanted cells. 

 

 

Application: Therapeutic proteins 

 Design of better protein therapeutics will probably be the most significant 

commercial application of computational protein design.  Therapeutic antibodies have 

been developed for a wide range of indications, from anti-cancer to anti-inflammatory.  

They currently have $5.1 billion in annual sales, and 30 antibodies are in late stage 

clinical trials. 

 Antibodies are the most widely used custom binding proteins, but they have 

several known limitations.  Human and mouse antibodies are unable to bind to deep 

grooves,128 and other targets have proven elusive as well.138  Many antibodies are 

unstable or aggregation-prone.139  Non-human antibodies are immunogenic in humans.  
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Therapeutic antibodies are glycosylated and thus more expensive to manufacture.  

Finally, the large size of whole antibodies may limit their tissue distribution. 

 Many of these problems can be addressed by moving to a small, stable scaffold 

protein that can be expressed in E. coli.  Many such scaffolds have been proposed, 

including A domains, fibronectin, PDZ domains, ankyrin repeat proteins, and protein 

A.140-142  Computational protein design, followed by experimental screening or 

selection experiments, could be used to engineer new binding sites in these scaffolds.  

The design framework described in this thesis can be used to select for affinity, 

stability, and specificity.  Furthermore, computational techniques are available for 

predicting aggregation143 and immunogenicity.144,145 
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