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Abstract 

One of the most significant discoveries from mutational analysis of protein 

interfaces is that often a large percentage of interface residues negligibly perturb the 

binding energy upon mutation, while residues in a few critical “hotspots” drastically 

reduce affinity when mutated.  The organization of protein interfaces into hotspots has a 

number of important implications.  For example, small interfaces can have high affinity, 

and when multiple binding partners are generated to the same protein, they are 

predisposed to binding the same regions and often have the same hotspots.  Even small 

molecules that bind to interfaces and disrupt protein-protein interactions (PPIs) tend to 

bind at hotspots.  This suggests that some hotspot-forming sites on protein surfaces are 

intrinsically more apt to form protein interfaces.  These observations paint a hotspot-

centric picture of PPI energetics, and present a question of fundamental importance 

which remains largely unanswered: why are hotspots hot? 

In order to gain insight into the nature of hotspots I experimentally examined the 

small, but high-affinity interface between the synthetically evolved ankyrin repeat 

protein Off7 with E. coli maltose binding protein by characterization of mutant variants 

and redesigned interfaces.  In order to characterize many mutants, I developed two 

high-throughput assays to measure protein-protein binding that integrate with existing 

technology for the high-throughput fabrication of genes.  The first is an ELISA-based 
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method using in vitro expressed protein for semi-quantitative analysis of affinity. 

Starting from DNA encoding protein partners, binding data is obtained in just a few 

hours; no exogenous purification is required.  For the second assay, I develop data 

fitting methods and thermodynamic framework for determination of binding free 

energies from binding-induced shifts in protein thermal stability monitored with Sypro 

Orange. 

Analysis of Off7/MBP variants using these methods reveals that conservative 

mutagenesis or local computational repacking is tolerated for many residues in the 

interface without drastic loss of affinity, except for a single essential hotspot.  This 

hotspot contains a Tyr-His-Asp hydrogen bonding network reminiscent of a common 

catalytic motif.  Substitution of the tyrosine with phenylalanine shows that a single 

hydrogen bond across the interface is critical for binding.  Analysis of the protein 

database by structural bioinformatics shows that, although rare, this motif is present in 

other naturally evolved interfaces.  Such a triad was found in the homodimeric interface 

of PH0642 from Pyrococcus horikoshii, and is conserved between many homologues in the 

nitrilase superfamily, meeting one of the key criteria by which potential hotspots can be 

identified.  This analysis supports a number of analogies between hotspot residues and 

catalytic residues in enzyme active sites, and raises the intriguing possibility that 

hotspots may be associated with other structural motifs that could be used for 

identification or design of PPIs.  
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1 Introduction  

1.1 Background on Protein-Protein Interactions 

Proteins can interact with a broad range of affinities and specificities.  In the 

examination of biological systems at the molecular level, such protein-protein 

interactions (PPIs) play a central role in biological systems where they provide structure 

and organization [1-3], and regulate, mediate, and effect biological function in a wide 

variety of contexts [4-6]. 

Despite the fundamental nature of these interactions and the tremendous 

potential for engineered PPIs in systems biology [4, 7, 8], nanostructured materials [9, 

10], and therapeutic intervention [11, 12], practical, reproducible, and quantitatively 

predictive methods for rational engineering of protein-protein affinity from structure 

have not been developed.  Critical to the development of such methods is 

characterization of the principles and by which specific protein-protein association 

arises.  Much of what is known comes from biophysical characterization of interface 

mutants of protein complexes of known structure [13-20], providing insights into the 

sequence composition and organization of energetically important residues in protein-

protein interfaces. 
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1.2 Protein-Protein Interactions Must be Stronger than Protein-
Solvent Interactions for Affinity 

It is essential in structure-based analysis of PPIs to carefully consider the 

relationship of the protein interface with aqueous solvent.  Protein affinity is determined 

by the free energy difference between the bound complex and two independently 

solvated partners.  Consequently, the effect of any mutation must be considered not only 

on protein-protein but also on protein-solvent interactions. 

In order to interact, non-obligate protein interfaces must overcome a daunting 

thermodynamic hurdle: they must form stronger interactions with partner than with 

solvent.  This is difficult because, in order to be soluble, interactions between the protein 

surface and solvent must be energetically favorable.  Although protein interfaces boast 

complex and elegant networks of hydrogen bonds [21] and configurations of 

electrostatic complementarity [19], ionic aqueous solvent has tremendous potential to 

interact favorably with surface charges and hydrogen bonding groups.  The relationship 

of interface interactions between partner and solvent is central to the question of why 

PPIs are difficult to engineer and critical to the investigation of why interfaces are 

organized into hotspots. 

1.3 Hotspots 

One of the most significant discoveries from mutational analysis of protein 

interfaces is that a large percentage of interface residues negligibly perturb the binding 

energy upon mutation, while a few critical residues drastically reduce affinity when 
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mutated [13, 22].  These critical residues tend to be clustered together into “hotspots.”  

Hotspots are enriched for a reduced alphabet of amino acid residues [23], are found in 

regions of the interface from which water is excluded [23], are highly conserved [24-26] , 

and are resistant to mutagenesis such that even apparently conservative substitutions 

can be detrimental [27]. 

Encoding of PPI affinities by hotspots has a number of important implications.  

For example, small interfaces can have high affinity [28, 29], and when the non-hotspot 

residues surrounding hotspots are simultaneously mutated to alanine the interaction 

often maintains significant affinity [28].  Furthermore, when multiple binding partners 

are generated to the same protein, they appear to be predisposed to binding the same 

regions [18], and the same hotspot residues tend to be conserved between binders to the 

same epitopes [17, 22].  Even small molecules that bind to interfaces and disrupt PPIs 

tend to bind at hotspots [11].  This suggests that some hotspot-forming sites on protein 

surfaces are “sticky,” or are intrinsically more apt to form protein interfaces.  These 

observations paint a hotspot-centric picture of PPI energetics, and present a question of 

fundamental importance which remains largely unanswered: why are hotspots hot? 

1.4 The Interaction Between MBP and the Synthetic Ankyrin 
Repeat Protein Off7 

In order to gain insight into the nature of hotspots I experimentally examined the 

interaction between the synthetically evolved ankyrin repeat protein Off7 with E. coli 

maltose binding protein (MBP) [30] by characterization of mutant variants and 
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redesigned interfaces.  Though the interaction between this pair is high-affinity 

(��=4.4nM), the interface is among the smallest (611 Å2) observed for globular protein 

heterocomplexes [31].  This high ratio of ∆�� to interface size makes the Off7/MBP pair 

an intriguing model system for analysis.  It has a tyrosine-rich interface that has been 

selected only for affinity, and not evolved according to the complex constraints of 

epistasis in a biological context.  We hope to gain insights into the minimal elements 

required for high affinity by identification and characterization of hotspots in this small 

interface. 

Off7 is an ankyrin repeat protein that was selected from a synthetic library using 

the ribosome display technique for in vitro directed evolution [30, 32].  In biological 

contexts across all kingdoms of life, ankyrin repeat proteins participate in protein-

protein interactions with a wide variety of protein partners [2, 33], and synthetic ankyrin 

repeat proteins have been selected from libraries to bind diverse targets with high 

affinity [30, 34, 35] .  Off7 is quite thermostable, and the thermal unfolding transition 

midpoints (��  values) of Off7 (77°C) and MBP (51°C) are separated by more than 25°C.  

Throughout this work, all residue numbering of both Off7 and MBP is consistent with 

the crystal structure of the complex (PDBID: 1SVX) [30]. 

1.5 Computational Design of Protein-Protein Interactions 

Rational, computational design tools have been used with tremendous success 

for the redesign of protein tertiary structure [36-39] and even to design entirely novel 
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protein structures not observed in nature [40].  In contrast, published efforts towards the 

rational design of new protein-protein interactions from structure with essentially the 

same methods have been much more modest, such as the alteration of specificity [41-43] 

or improvement in the affinity [44-47] of existing interactions.  De novo design of specific, 

high-affinity PPIs from structures that did not previously interact has not been 

demonstrated. 

Though the same fundamental considerations of hydrophobic, electrostatic, and 

hydrogen-bonding contributions apply for both protein folding and protein-protein 

interactions [48-51], the way that these contributions are organized into hotspots in 

interfaces is different from the encoding of protein stability, which is distributed 

throughout the structure such that single-residue mutations rarely result in drastic 

losses [52]. 

In this work, I use computational structure-based protein design tools for multi-

residue mutagenesis in various local interface patches.  As discussed above, these tools 

do not fully capture the energetics of protein-protein association.  However, we can 

learn from our (in)ability to redesign various local patches where within the interface 

these tools are able to capture the underlying biophysical principles, and where they fall 

short.  We observe that they perform satisfactorially in local redesign of some interface 

regions, but not hotspots. 
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1.6 High-Throughput Protein Engineering for the Analysis of 
PPIs 

Detailed analysis of PPIs generally involves biophysical characterization of many 

interface mutants.  In such characterization of many mutants of a single interaction [13-

20], as well as the discovery of interaction networks between many different proteins [5, 

53] and the screening of rationally engineered proteins [54, 55], the need for increased 

throughput in the characterization of protein-protein interactions has become more 

urgent.  Genes encoding many recombinant proteins, mutant variations, and novel 

designed proteins can be fabricated rapidly and in parallel [56-59], creating a bottleneck 

in protein production and biophysical characterization.  This has resulted in the need for 

the development of assay methodologies that increase the speed with which PPIs can be 

characterized, parallelize workflow, and enable data collection from small amounts of 

material. 

I have developed two high-throughput assays to measure protein-protein 

interactions that directly integrate with previously developed methods for high-

throughput fabrication of genes [56].  In the first assay, I developed methods to obtain 

free energies of binding between protein partners from binding-induced shifts in protein 

thermal stability (chapters 2-3).  In the second, I developed an ELISA-based method for 

rapid, semi-quantitative analysis of affinity using in vitro expressed protein (chapter 4). 

In the first method, I show how to determine the free energy of ligand binding by 

observing binding-induced shifts in protein stability.  This technique takes advantage of 
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high-throughput methodologies that have been developed to observe protein thermal 

denaturation with Sypro Orange (SO) [60], a commercially available extrinsic dye that 

becomes more fluorescent upon interaction with the unfolded state.  With this dye, 

protein thermal unfolding can be monitored using small amounts of material in readily 

available RT-PCR instrumentation [61, 62].  The ligand dependence of stability is 

determined by measuring these profiles in the absence and presence of partner.  I 

develop data fitting methods and thermodynamic framework to extract free energies of 

binding (and hence ��) from these observations, and extend their application to the 

measurement of PPIs. 

In the second method, I introduce an ELISA that eliminates the need for 

exogenous protein production and purification by directly integrating cell-free 

expression of binding partners in the multiwall assay plate.  Integration of in vitro 

expression increases the speed with which protein assays can be conducted, the degree 

to which they can be parallelized, and enables a dramatic reduction of scale [63-65]  

I use these two methodologies to extensively characterize the Off7/MBP 

interaction and its hotspots through measurement of many interface mutants and 

redesigns.  Furthermore, I apply these techniques to screen many radically redesigned 

Off7/MBP interfaces and successfully identify a new, specific pair.  This study 

demonstrates how such rapid, high-throughput techniques enable both analysis and 

engineering of PPIs. 
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2 Thermodynamic Analysis of Ligand-Induced Changes 
in Protein Thermal Unfolding Applied to High-
Throughput Determination of Ligand Affinities with 
Extrinsic Fluorescent Dyes 

The interaction of proteins with ligands is a fundamental aspect of biomolecular 

function.  The quantification of such interactions is essential for systems biology, drug 

discovery, and bioengineering.  Traditional, generalizable methods for measuring 

protein-ligand affinity such as equilibrium dialysis or isothermal titration calorimetry 

require large amounts of material or radiolabeled ligands.  Ligand-induced changes in 

protein stability also provide a general, quantifiable signature of protein-ligand 

interactions [61, 66-70], and hence of biological function [71].  The measurement of 

protein stability typically also has required relatively large amounts of protein and low-

throughput instrumentation, and consequently has not been widely used as a tool to 

assess function.  However, recently a number of techniques have been developed that 

enable protein stabilities to be determined with small amounts of material in a high-

throughput manner [72-76].  One such method is based on extrinsic fluorescent dyes that 

monitor protein (un)folding [61, 62, 67].  This technique uses the relatively inexpensive 

fluorescent dye, Sypro Orange (SO) [60] in combination with readily available RT-PCR 

instrumentation [61, 62, 77], and is being adopted as a straightforward, economical, 

high-throughput screening tool for ligand discovery in the pharmaceutical industry [68, 

77], structural genomics efforts [78, 79], and high-throughput protein engineering [54].  
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Here we present insights into the properties of the reporter dye relevant to the 

mechanism of reporting on protein denaturation, provide an approach for fitting the 

experimental data using a thermodynamic framework for quantifying free energies of 

stability and binding.  This effort builds on previous work [61, 62, 67, 68] and addresses 

a number of experimental regimes.  

Although SO has been used successfully to collect thermal denaturation data and 

characterize binding affinity constants by thermal shift [61, 67, 68], its properties have 

not been characterized extensively.  Here we show that SO exhibits two unanticipated 

properties.  First, in protein-free aqueous solutions SO fluorescence emission intensity 

peaks at a critical dye concentration, which we ascribe to a self-aggregation 

phenomenon.  Second, SO can significantly perturb the equilibria on which it is 

reporting in a concentration-dependent manner. 

To analyze experimental data, the fluorescence intensities monitoring protein 

(un)folding are transformed into the inverse first derivative form, such that the 

(un)folding transition manifests itself as a prominent trough, the minimum and width of 

which are directly related to the transition midpoint temperature and enthalpy of 

(un)folding (fig. 2.2, 2.9).   To obtain thermodynamic parameters, we fit these 

observations to an equation describing the temperature-dependence of the experimental 

fluorescence signal that directly incorporates functional forms (linear or nonlinear) of 

the temperature dependence of the native (pre-transition) and unfolded (post-transition) 
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states.  We present straightforward experimental procedures for estimating heat 

capacities, enabling a complete thermodynamic analysis from multiple observations.  To 

apply these methods to realistic experimental cases we have considered three different 

scenarios: 1, the ligand binds to both the native and denatured state; 2, the ligand binds 

to the native state only; 3, ligand and protein concentrations require that stoichiometry 

be taken into account. 

2.1 Thermodynamic Analysis of Thermal Shift Data 

In the presence of any ligand that preferentially binds the native state, binding-

induced increase in protein stability is observable as an increase in the melting-

temperature midpoint (��).  The values of �� and ∆�� are obtained from thermal 

denaturations performed at varying ligand concentrations, which are analyzed with a 

thermodynamic model of the linkage between binding and stability.  Quantitative 

analysis of two-state thermal denaturation with an equilibrium model is based on an 

experimentally observed signal, �	�
, which reports on the equilibrium fraction of 

(un)folded protein.  The temperature dependence of two-state (un)folding is described 

by the transition between the pre- and post-transition baselines, and the total signal 

observed during the thermal denaturation can be written: 

�	�
 � �	�
�	�
 � ��	�
	1 � �	�

       2.1 

where �	�
 is the fraction folded at temperature �, and �	�
 and ��	�
 are 

functions that describe the baseline signal from native and denatured protein, 
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respectively.  The temperature where �	�
 � 0.5 is defined as the �� of the denaturation.  

Typically, baselines are linear, as is the case for folding transitions monitored by circular 

dichroism (CD).  However, in the case of transitions monitored by SO, we find that some 

baselines are better represented by other, nonlinear functional forms (see below). 

To analyze the temperature dependence of the observed folded fraction, we use 

the temperature-dependent equilibrium constant of two-state folding, �� � ���/���: 
�	�
 � �����	 
          2.2 

which is related to the free energy of unfolding by: 

��	�
 � !"#∆$�	%
&% '         2.3 

The temperature dependence of ∆��	�
 is given by a general Gibbs-Helmholtz 

relationship [80]: 

∆��	�
 � ∆(�) � *   +, 	∆(�) � ∆��)
 � ∆-.,� 0�) � � � �12 *   +,3    2.4 

where ∆-.,� is the change in heat capacity upon unfolding, assumed here to be 

independent of temperature over the range of the experiment [81].  ∆��) and ∆(�) are the 

free energy and enthalpy of unfolding, respectively, at a reference temperature, �).  If 

we set �) to be equal to a ��, then ∆��) is equal to zero by definition and the expression 

becomes: 

∆��	�
 � ∆(�) *1 �   4, � ∆-.,� 5�� � � � �12 *   4,6     2.5 

Combining equations 2.3 and 2.5 and rearranging we obtain 
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��	�
 � !"7∆8�+& *9%" 9%4,"∆:;,�& 5%4% "��<= * %%4,6?
      2.6 

and substituting into equation 2.2: 

�	�
 � 1 1 � !"7∆8�+& *9%" 9%4,"∆:;,�& 5%4% "��<= * %%4,6?@      2.7 

Proteins undergo unfolding transitions both at low and high temperatures [82] 

(figure 2.1).  Although ∆��	�
 varies strongly with temperature, �	�
 varies significantly 

only near the �� values and is otherwise approximately equal to one or zero where the 

folded or unfolded states respectively predominate.  At the reference �� (typically only 

the “hot” ��is experimentally accessible), the term dependent on ∆-.,� in equations 2.5-

2.7 is zero and remains negligible in the transition region.  Consequently, it is not 

possible to obtain accurate estimates of ∆-.,�  from denaturation data obtained at only 

one of the two transitions.  To fit a (un)folding transition around a single transition 

temperature we drop the ∆-.,� term, which yields the integrated van’t Hoff equation 

[83]: 

��	�
 � !"A∆8�+& *9%" 9%4,B
         2.8 

Substituting into equation 2.2: 

�	�
 � 1 1 � !"A∆8�+& *9%" 9%4,B@          2.9 
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Figure 2.1: Comparison of equations describing the fraction of folded protein.Left 

ordinate: Gibbs-Helmholtz curve (eqn. 2.5) showing protein stability as a function of 
temperature (solid line).  Right ordinate: The corresponding fraction folded according 
to equation 2.7 (dotted line) and equation 2.9 (dashed line).  

Equation 2.9 is appropriate over the typically narrow temperature ranges in 

which �	�
 transitions between zero and one, and, together with equation 2.1, provides 

a straightforward prescription for extracting ∆(�) and �� values from experimental data. 

In our analysis, we use the inverse first derivative of the experimental data (fig 

2.2).  In this transformation, the transition region manifests itself as a prominent trough, 

the minimum and width of which are directly related to �� and ∆(�) values respectively 

[84].  The minimum value of the trough is a good initial estimate of  �� for fitting by 

least squares minimization (though this minimum may deviate from the �� with some 

nonlinear baseline models, see below).  Differentiating equation 2.1: 

 �C� � � *�D� , � *�EF� , �	�
 � �� *�D� , � *�EG� , 	1 � �	�

     2.10 

and differentiating equation 2.9: 

�D� � *"∆H�+I J , �	�
	1 � �	�

         2.11 
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Equations 2.9-2.11 may be combined with appropriate functional forms of �	�
 

and ��	�
 to fit the first derivative transform of the experimental data.  For example, 

using linear baseline models �	�
 � K� � L and ��	�
 � K�� � L� with equation 

2.1: 

�	�
 � 	K� � L
�	�
 � 	K�� � L�
	1 � �	�

     2.12 

 

Figure 2.2: Simulation of thermal (un)folding curves incorporating a linear baseline 
model and illustrating the inverse first derivatives. (Top) equation 2.12 with values of 
Tm=50°C (323 K), mN=0, bN=0, mD=0, and bD=1 and ΔHu values of 100 kcal/mol (solid 
line), 200 kcal/mol (dotted line), and 50 kcal/mol (dashed line). (Bottom) equation 2.13 
Inverse first derivative transform of the simulation 

This linear baseline model (fig 2.2) is appropriate for analysis of experimental 

data obtained by monitoring CD signal or tryptophan fluorescence emission intensity 
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[85].  In this case, baseline derivatives are �EF� � K and �EG� � K�, and by combining 

with equations 2.10 and 2.11 we obtain: 

 �C� � 	K� � L � K�� � L�
 0*"∆H�+I J , �	�
M1 � �	�
N3 

�K� � K�	1 � �	�

       2.13 

In combination with equation 2.9, equation 2.13 can be fit to derivative unfolding 

data to obtain ��, ∆(�), K�, L�, K, and L�.  For analysis of SO data a nonlinear model is 

used (see below). 

2.2 Ligand-induced Shifts of Protein Stability 

The linked equilibrium between single-site ligand binding and protein 

(un)folding can be written as a thermodynamic cycle: 

 

Scheme 2.1 

where N is the folded (native) protein, D the unfolded (denatured) protein, L the ligand, 

NL the native protein-ligand complex, and DL the denatured protein-ligand complex.  

We use the convention that positive free energy of unfolding (∆��) values favor the 
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folded state and positive free energy of binding (∆��) values favor the unbound state.  

This cycle can be written as: 

∆��	�
 � ∆��	�O� , �
 � ∆P��	�O� , �
 � ∆���	�O� , �
 � 0     2.14 

where �O�  is total ligand and � is absolute temperature.  A rearrangement shows the 

relationship between stability change and binding: 

∆��	�
 � ∆P��	�O� , �
 � ∆��	�O� , �
 � ∆���	�O� , �
     2.15 

abbreviated as 

∆∆��M�O� ,�N � ∆∆��M�O� ,�N         2.16 

The change in protein stability due to ligand binding is equivalent to the free 

energy difference between ligand binding to the native state and binding to the 

denatured state.  If ligand does not bind to the denatured state (which is often the case), 

the observed stability increase is equivalent to the free energy of binding to the native 

state. 

The free energy of binding can be expressed as a function of ligand with the 

canonical equation of macromolecular binding [86, 87]: 

∆�� �  �Q�12R          2.17 

where R is the binding polynomial [88] of native protein to ligands.  Substituting 

equation 2.17 into equation 2.16: 

∆∆��M�O� ,�N �  

∆∆��M�O� ,�N �  
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∆��	�O� , �
 � ∆���	�O� , �
 �  

�Q�12R � Q�12 R � � �Q�12 SS G      2.18 

where R �  is the binding polynomial of denatured protein to ligands. The binding 

polynomial is the sum of concentrations of all states of the protein relative to free protein 

(i.e. the partition function).  For a single ligand binding to a single site: 

R � ���� � �P��� � 1 � �P��T         2.19 

R � � ������ � ��P���� � 1 � �P� G�T         2.20 

Consequently, if a single ligand binds to a single site both to the native and 

denatured states: 

∆∆��M�O�DUVV,�N � �Q�12 W ���X�YZ[[\T	%
�� �X�YZ[[ G\T	%
]       2.21 

where �O�DUVV is the concentration of unbound ligand free in solution and ��	�
 

and � � �	�
 are the temperature-dependent equilibrium constants of ligand dissociation 

with native and denatured protein, respectively.   

Three different experimental regimes need to be considered in the use of 

equation 2.21 (fig 2.3). 
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Figure 2.3: Three experimental regimes that may be observed in a thermal shift assay.  
(A)  Saturation of ΔΔGu shift if the ligand has significant affinity for the denatured 
state (simulated with equation 2.21: Kd=1 μM, DKd=100 μM).  (B) Shift in ΔΔGu, if 
ligand has no affinity for the denatured state at different Kd values (simulated with 
equation 2.22: Kd =1 nM, dashed line; Kd =100 nM, solid line; Kd =10 μM, dotted line).  
(C) Stoichiometric effects at ligand concentrations near or below the protein 
concentration (simulated with equation 2.23: Kd =1 nM, [P]T=2 μM ; dashed line) and 
non-stoichiometric (simulated with equation 2.22: Kd =1 nM; solid line).  Equations 
2.22 and 2.23 are functionally equivalent at ligand concentrations at least an order of 
magnitude above the protein concentration. 
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First we analyze the case in which both the native and denatured states have 

appreciable affinity for the ligand [69].  The ligand-dependent change in stability is a 

balance of opposing stabilization of the native and denatured states by the ligand 

(equation 2.18).  Consequently (if ��� ^ ��, i.e. the denatured state binds more weakly 

than the native state) at lower ligand concentrations where binding to the native state 

dominates, a ligand-dependent increase in stability is observed.  However, at elevated 

ligand concentration where ligand binds appreciably to the denatured state, the 

opposing effects lead to “saturation” of the observed shift in stability (fig. 2.3A). 

In the second case, the denatured state has no affinity for ligand.  Consequently, 

� � � tends to infinity and the denominator in equation 2.21 tends to one: 

∆∆��M�O�DUVV , �N � �Q�12 *1 � �P�YZ[[�T	 
 ,      2.22 

In this case, stability increases without saturation at progressively higher ligand 

concentrations (fig. 2.3B), a behavior that is often observed experimentally.   

The third regime takes into consideration the relationship between total ligand 

and protein concentrations.  Equations 2.21 and 2.22 describe the thermodynamic 

relationship in terms of free, not total ligand concentration, and may be used to fit 

experimental data if ligand concentrations are at least about an order of magnitude 

excess over protein (�O� _ �`� ) and �O� a �O�DUVV, where �O�  is the total concentration 

of ligand (�O� � �O�DUVV � ��O� � ��O�), and �`�  is the total protein concentration 

(�`� � ��� � ��O� � ��� � ��O�).  In the case where there is no affinity of ligand for the 
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denatured state (��O� � 0), if �O�  is less than or in the neighborhood of �`�  (the 

stoichiometric regime), then equation 2.22 may be expressed in terms of �O�  and �`�   
(see section 2.9.3 for derivation): 

∆∆��	�O� , �`� , �
 �  

�Q�12 01 � �P�%"�b�%"c�T	 
�d	�P�%��b�%�c�T	 

J"e�b�%�P�%  c�T	 
 3   2.23 

Under these conditions the ligand dependence of ∆�� deviates from case 2 at low 

concentrations where protein is in stoichiometric excess over ligand, but rejoins at 

higher ligand concentrations (fig. 2.3C). 

Analysis of thermal denaturations at different ligand concentrations requires that 

all free energies are referenced to a common temperature.  The �� of the apo-protein 

( �� f.) ) is a particularly appropriate reference point because ∆�� and ∆∆�� are zero.  

From the Gibbs-Helmholtz relationship (eqn. 2.5), the stability difference between apo 

and liganded protein is:  

∆∆��	�O� 
 �  

�∆ (� P *1 �  4 g;+ 4 X , � ∆ -.,� P 5 �� P � �� f.) � �� f.) 12 *  4 g;+ 4 X ,6  2.24 

where �� P , ∆ (� P , and ∆ -.,� P  are the ��, enthalpy, and heat capacity of unfolding, 

respectively, of the protein at ligand concentration �O� .  This equation is used to 

calculate ∆∆��at �O�  by extrapolation from the various experimentally determined �� P  

values to the common reference �� f.)  (fig. 2.4) using ∆ -.,� P  (see below) and ∆ (� P  (from 

experiment). 
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Figure 2.4: Experimental MBP Tm values determined at various maltose concentrations 
(0, 60 μM, 221 μM, 814 μM, and 3 μM) extrapolated to ligand-induced ΔΔGu values at 
the apoTm with equation 2.24 (dotted black lines).  Fits to the Gibbs-Helmholtz 
equation (eqn. 2.5) are shown in gray for reference.  A calculated (34) ΔCp,u of 6.5 kcal 
mol-1 K-1 was used for the apo protein and experimentally estimated ΔLCp,u of 5.5 kcal 
mol-1 K-1 for maltose-shifted MBP curves (fig 2.13A).   Note that these extrapolated 
ΔΔGu data are fit to equation 2.25 to obtain Kd in fig 2.13B.  Data was obtained with 20 
x SO. 

Because ligand-dependent changes in stability are all extrapolated to the 

common �� f.) , the relationship between folding and binding free energies (equation 

2.22) becomes: 

∆∆��)M�O�DUVVN � �Q �� f.) 12 01 � �P�YZ[[�T+ 3         2.25 

where ��) is the ��, and ∆∆��) is the extrapolated stability free energy change at 

the reference temperature respectively.  Or in the stoichiometric regime (equation 2.23): 

∆∆��)	�O� , �`� 
 � �Q �� f.) 12 W1 � �P�%"�b�%"c�T+�h	�P�%��b�%�c�T+
J"e�b�%�P�%  c�T+ ]     2.26 

In this analysis, experimentally determined ligand affinities are therefore 

reported at the �� f.) . 
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2.3 Heat Capacity of Unfolding 

By definition, the heat capacity of unfolding, ∆-.,� i j∆(� j�⁄ .  Its value can be 

estimated experimentally by systematic variation of �� and observation of the 

corresponding ∆(� [80, 89-91], which in the case of measuring ligand interactions is 

obtained naturally in a titration series.  In addition to modulating the temperatures (�� 

values) at which observations of ∆(�are made, ligand binding itself causes a change in 

the observed enthalpy of unfolding, ∆)�l(�.  We consider the case where ligand has no 

affinity for the denatured state:  As the protein binds ligand, ∆)�l(� transitions from 

being the enthalpy difference between N and D (∆(�) to being the enthalpy difference 

between NL and D+L (∆ (� P ).  The difference between ∆(� and ∆ (� P  is the enthalpy of 

binding (∆(�).  Ligand binding therefore changes the value of ∆)�l(� proportionally to 

the fraction of protein bound by ligand (fig 2.5). 

 

Figure 2.5: Observed variation of ΔHu with ligand-induced stability shifts (eqn.2.27; 
solid line).  The observed shift has two components: 1, initial transition with enthalpy 
of binding, ΔHb, proportional to fraction bound; 2, linear temperature dependence of 
the liganded protein ΔLHu= ΔLHou+ ΔLCp,u(Tm-apoTm).  Included for reference are the ΔHu 
of the apo protein (dashed line), the ΔLHu of the liganded protein (dotted-dashed line), 
ΔHou (closed circle), and ΔLHou (closed square). 



 

23 

Consequently, the temperature-dependence of ∆)�l(�  transitions from a line 

with a slope ∆-.,� for the apo protein (N to D) to a line with slope ∆P-.,�  for the ligand-

bound form (NL to D+L), as described by: 

∆)�l(�M��, �O�DUVVN �  

0 � T�T��P�YZ[[3 *∆(�) � ∆-.,�	�� � �� f.) 
,  

 � 0 �P�YZ[[�T��P�YZ[[3 M∆ (�) P � ∆P-.,�	�� � �� f.) 
N     2.27 

Where ∆ (�) P  is a notional quantity equal to the enthalpy of unfolding of the 

ligand-bound form extrapolated back to the �� f.)  (see fig. 2.5).  The enthalpy of binding 

is: 

∆(�) � ∆(�) � ∆ (�) P          2.28 

and the heat capacity of binding: 

∆-.,� � ∆-.,� � ∆P-.,�         2.29 

In practice, the dependence of ∆P(� on  �� for a series of ligand concentrations is 

fit to a line with slope ∆ -.,� P .  Alternatively ∆ -.,� P  can be estimated from the size of the 

protein [92] if it is assumed that ∆ -.,� a ∆-.,� P . 

2.4 Monitoring protein folding with Sypro Orange 

Sypro Orange (SO) (14) is a member of a family of fluorescent dyes [93] that are 

highly sensitive to their environment.  SO fluorescence emission intensity (FEI) exhibits 

strong solvent effects, a nonlinear temperature dependence (fig 2.6), and increases in the 

presence of denatured protein. 
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Figure 2.6: Fluorescence emission intensities (465-580 nm) of 20 x Sypro Orange in 
various solvents. (Left) Comparison of emission intensities at 30°C.  (Right) 
Temperature dependence of normalized emission intensities: 1-butanol, solid line; 
phenol (saturated with Tris-EDTA buffer), dashed line; DMSO, dotted line; DMF, 
dashed-dotted line; normalized exponential decay curve exp(-0.016*T) shown for 
comparison, open circles. 

A typical protein thermal denaturation monitored by SO, showing stability shifts on the 

addition of ligand or denaturant is shown in figure 2.7. 

 

Figure 2.7: Experimental thermal melts of MBP (top) and corresponding inverse 
derivatives (bottom) measured for the apo-protein (solid line), in the presence of 
ligand (0.3 mM maltose; dotted line), or denaturant (1.4 M urea; dashed line).  All 
melts determined in the presence of 20 x Sypro Orange. 
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Figure 2.8: Reversibility of thermal melts of maltose-binding protein monitored with 
SO (A) forward denaturation curve (inset shows time-dependence of temperature 
change: ramp rate of 1.3°C/min). (B) reversibility of the transition region: the 
temperature is taken to near-maximal fluorescence intensity (cf. panel A), cooled back 
down (inset), reheated, and recooled.  Note the similarity of the two transitions 
indicating a high degree of reversibility. (C) reversibility in the  post-transition 
region.  The system is heated to a temperature where the unfolded state is well 
populated, at which point it is cooled back to the temperature of maximal 
fluorescence (inset). Note near-full recovery of fluorescence intensity, consistent with 
the intrinsic temperature-dependence of dye fluorescence. 
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The post-transition baseline exhibits a pronounced, nonlinear decrease in FEI with 

temperature (fig 2.8A).  This decrease in signal has been attributed primarily to protein 

aggregation [62] and irreversible interaction of SO with the denatured protein [61].  For 

MBP, we find that the unfolding transition is quite reversible (fig 2.8B) and that signal 

reversibility is maintained at temperatures where the unfolded state is highly populated 

in the early downward-sloping post-transition region (fig 2.8C).  The nonlinear 

temperature dependence in this early region for this particular protein therefore 

presumably reflects an intrinsic property of dye photophysics, consistent with the 

temperature dependence of SO fluorescence in low-dielectric solvents (fig. 2.6).  At 

increasing temperatures, however, irreversible aggregation processes could make 

increasing contributions to the post-transition baseline signal.  Even so, limitations on 

reversibility are not intrinsic to the use of the dye and, at least for some proteins, the 

characteristic downward-sloping nonlinear baseline observed in SO-monitored protein 

melts has a greater reversible contribution from dye photophysics than may have been 

appreciated previously. 

We fit this post-transition baseline with a nonlinear, empirically-derived single 

exponential.  This approach is based on the premise that the system continues to be in 

equilibrium through the post transition temperature range.  An alternative approach is 

to crop the data at the post-transition region because the system it is not in equilibrium 

at these elevated temperatures.  This approach generally implies a linear baseline of 
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constant value.  The choice of baseline affects the extracted ��value and may introduce 

systematic error.  The correct choice of baseline will be dependent on the reversibility of 

the system. 

In this study we favor the nonlinear exponential because it fits the experimental 

data well (fig. 2.9) and due to the nonlinear temperature dependence of dye FEI in 

solvent (fig. 2.6). To analyze protein denaturation of MBP, SN, and RBP monitored with 

SO, we use an exponential function, m!"n , to describe the nonlinear post-transition 

baseline (��) and a constant, o, to describe the pre-transition baseline (�).  The 

fluorescence signal of two-state denaturation monitored with SO is then (from equation 

2.1): 

�	�
 � o�	�
 � m!"n 	1 � �	�

       2.30 

Applying equations 2.10 and 2.11: 

�C� � #o *"∆H�+I J , �	�
	1 � �	�

' � #m!"n 	1 � �	�

 *"∆H�+I J �	�
 � p,'  2.31 

Equation 2.31 (with equations 2.9 and 2.11) can be fit to inverse derivative data 

(in this case exported directly from an RT-PCR instrument) to obtain ∆(�), and �� (see 

supporting materials for more detail).  Representative fits to experimental data are given 

in figure 2.9.  Note that at high values of p, �� deviates from the minimum value of the 

derivative trough because of the nonlinear character of �� (fig 2.9C). 
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Figure 2.9: Exponential baseline model illustrated with simulated (A,B) and 
experimental (C,D) thermal melts.  (A) Simulations (equation 2.30) of thermal melts 
(Tm=323 K, A=1, B=0, λ=0.016) illustrating the effect of ΔHu (100 kcal/mol ,solid line; 200 
kcal/mol, dashed line; 50 kcal/mol, dotted line). (B) Inverse first derivatives (equation 
2.31) with the same values as in A. (C) Experimental melting data for MBP (open 
circles) fit to equation 2.31 (solid line; Tm=51°C, ΔHu =116 kcal/mol, λ=0.041).  (D) 
Experimental melting data for SN (open circles). Fit to equation 2.31 (solid line; 
Tm=54°C, ΔHu =95 kcal/mol, λ=0.103).  Data was collected at 20 x SO.  Note that at high 
λ values the denatured baseline is highly nonlinear and the Tm is shifted off of the 
inflection point. 
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2.5 Rate of Temperature Change 

The above thermodynamic analysis implies that experimental observations are 

made under equilibrium conditions.  The thermal denaturations are carried out by 

progressively increasing (“ramping”) the temperature while simultaneously observing a 

change in fluorescence.  The rate of temperature change must therefore allow the 

relaxation of all processes to equilibrium given the kinetics of folding, binding, 

interaction with SO, and thermal equilibration over the sample volume.  Modern RT-

PCR instruments can quickly ramp the temperature and may outstrip equilibration.  To 

test whether equilibrium is established at a given ramp rate, a temperature in the 

transition region was held constant for a period of time and the subsequent change in 

fluorescence observed.  For MBP at a ramp rate of 5.6°C/min, several seconds were 

required to reach equilibrium (fig 2.10A), whereas when the rate was 1.3°C/min 

equilibration was almost instantaneous (fig 2.10B). 
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Figure 2.10: The effect of temperature ramp rates on equilibration.  (A) At 5.6°C/min, 
the temperature ramp rate exceeds equilibration conditions for MBP: the temperature 
is ramped up to the approximate Tm value, held constant while isothermal changes in 
FEI are monitored, then ramped up to well beyond the transition region (inset).  
Significant change in fluorescence intensity emission during the isothermal dwell 
period (thick black line) indicates that the system is not in equilibrium.  (B) At 
1.3°C/min, MBP remains approximately at equilibrium during the temperature 
changes.  (C) At 5.6°C/min, SN remains approximately at equilibrium during the 
temperature changes.  (D) At 1.3°C/min, RBP is not at equilibrium. (E) Addition of 
3mM maltose alters equilibration conditions of MBP at a ramp rate of 1.3°C/min (cf. 
panel B) as a consequence of additional linked equilibria. 
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2.6 SO Concentration Effects 

In the absence of any protein the FEI of SO in aqueous buffer peaks at a critical 

SO concentration (fig 2.11), consistent with self-association of SO (where the self-

associated dye is quenched relative to monomeric dye in solution), a phenomenon 

commonly observed with aromatic small molecule dyes [94] (fig 2.11B). 

If SO self-associates and is autoquenched, changes in FEI upon interaction with 

denatured protein could have two origins: a “passive” effect in which a decrease in the 

free SO concentration1 shifts the self-association equilibrium towards the more 

fluorescent free monomer; or an “active” effect in which FEI increases through direct 

interaction with the denatured state.  For SN denaturation, the peak signal is of 

comparable intensity to the FEI peak of free SO in buffer (fig 2.11A) and could be 

accounted for by a passive effect, whereas the MBP transition shows a significantly 

higher peak FEI which can only be accounted for by an active interaction with the 

protein. 

                                                      

1 Sypro Orange concentrations are given in arbitrary units x provided by the manufacturer because the 
molar extinction coefficient is not publicly available.  In the absence of absolute concentrations, we did not 
develop a more quantitative model. 
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Figure 2.11: Sypro Orange concentration effects.  (A) Concentration dependence of 
Sypro Orange (SO) fluorescence emission intensity in the absence (25 mM potassium 
phosphate, pH=7.5, 140 mM KCl; 30°C to 90°C, 10°C increments; solid lines) and 
presence of protein (peak fluorescence of the transition of melts of MBP, closed 
squares, and SN, closed circles, at all SO concentrations that yielded a clear melting 
transition).  A similar SO fluorescence peak is observed in the absence of protein 
when a constant 1.4% DMSO cosolvent is maintained across SO concentrations (data 
not shown).  (B) An Attenuated K model of indefinite self-association [94] 
qualitatively accounts for the concentration-dependence the SO fluorescence 
emission intensity (simulated with τ=1, KA=1 x; see equation 19 in reference [94] for 
definition of symbols;  SO concentrations are given in arbitrary units x.) (C) 
Experimental SO fluorescence emission intensity at 30°C (closed triangles), shown for 
comparison with the qualitative model in panel B. 
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Interaction of SO with the denatured state is expected to lower the ��  with 

increased dye concentration.  The apparent �� values of SN remain nearly constant over 

an order of magnitude change in SO concentration, whereas a ~6°C decrease is observed 

for MBP over the same concentration range.  The ligand affinities of MBP (fig 2.12B) 

exhibit a concomitant dependence on SO concentration, but for SN these remain nearly 

constant (fig 2.12C). 

In some systems, SO can therefore significantly perturb equilibria on which it is 

reporting.  Further development of a detailed model of SO-dependent phenomena (e.g. 

SO self-association, SO-dependent protein (de)stabilization, and inhibition of binding by 

SO) may be able to quantitatively account for these observed effects, and would be 

greatly facilitated if the molar dye concentration were known.  Absent such a model, we 

have chosen to report �� values at 20 x SO, because high signal-to-noise ratios are 

reliably observed.  We acknowledge that inaccuracy may be introduced by any model 

that assumes that SO is an inert reporter of protein (un)folding and binding that does 

not perturb the system.  Nevertheless, in our two model systems the �� values 

determined by SO-monitored thermal shift span a relatively small range over an order of 

magnitude range of SO concentrations, suggesting that neglecting these effects is a 

reasonable first approximation. 
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Figure 2.12: Variation of Tm and Kd values with Sypro Orange (SO) concentration.  (A) 
Apparent Tm of SN (closed circles) and MBP (closed squares, DMSO variable with SO 
from 0.1% to 1.6%; open squares, constant 1.4% DMSO cosolvent. (B) Apparent Kd of 
MBP for maltose as determined from melts at 0, 100 μM, and 1 mM maltose (black 
closed squares).  The Kd value presented in fig. 2.13B at 20x SO is also included (gray 
closed square).  (C) Apparent Kd of SN for pdTp as determined from melts at 0, 380 
μM, 1.2 mM, and 3.8 mM pdTp (black closed circles).  The Kd value from fig.2.13D at 
20 x SO is included (gray closed circle). 
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2.7 Experimental Case Studies: Maltose Binding Protein and 
Staphylococcal Nuclease 

At a given SO concentration, a �� value for maltose binding is obtained as 

described above with equations 2.31, 2.9, 2.11, 2.24, 2.26 (fig. 2.4; fig. 2.13A, B). 

 

Figure 2.13: Experimental determination of ΔLCp,u and Kd values. (A) Estimation of 

ΔLCp,u  for an MBP-maltose complex (5.3 kcal mol-1 K-1) by linear fit of ΔLHu and Tm 
values determined experimentally at 60 μM, 221 μM, 814 μM, and 3 μM maltose 
(open squares).  The value for the apo-protein (closed square) falls slightly below the 
fit line, presumably reflecting the absence of the ΔHb contribution to ΔHu (cf. fig. 2.5). 
(B) Dependence of ΔΔGu on maltose concentration (cf. fig. 2.4) can be fit (equation 
2.25) for a value of Kd=2.9 μM using the model in which maltose binds selectively to 
the native state for the maltose concentrations above (cf. fig. 2.3B).  (C) and (D) present 
the analysis of pdTp binding to SN (at concentrations 100 μM, 234 μM, 548 μM, 1.28 
mM, and 3 mM pdTp; ΔLCp,u= 5.4 kcal mol-1 K-1; Kd=350 μM).  Note that the ΔHu of the 
apo-protein falls below the fit line, as for MBP, again reflecting the contribution of 
ΔHb.  In both cases, this deviation from the fit line is consistent with average values of 
ΔHb observed in other protein-ligand complexes of ~5-15 kcal mol-1 [95].  All 
experiments were done with 20 x SO. 



 

36 

This analysis at the �� yields a �� value of 2.9 µM at 20 x SO, varying between 

0.6 µM and 5.0 µM for experiments performed at various SO concentrations (fig 2.12B).   

These values are in reasonable agreement with dissociation constants determined by 

equilibrium dialysis [96] at room temperature (2.2 µM), or quantitative cysteine 

reactivity [72] of single-cysteine mutants of MBP at the �� ( ~10 µM).  For MBP, the 

experimentally determined value of ∆P-.,� is 5.3 kcal mol-1K-1 at 20 x SO (fig 2.13A) 

varying between 3.5 and 9.0 kcal mol-1K-1 across the same range of SO concentrations.  

(Note that the heat capacity at 20 x SO was estimated from four observations, whereas 

the others use only two.  See figs. 2.12, 2.13)  For ∆-.,� values above about 4.3 kcal mol-

1K-1, equation 2.5 indicates that MBP should cold denature at temperatures accessible in 

aqueous solutions.  Other studies that have experimentally determined heat capacities 

for MBP (33, 38)[91, 97] make similar observations about the calculated “cold” �� of 

MBP, but find no evidence of unfolding at low temperature, though they do find 

reduced stability at low temperature as measured by chemical denaturation.  The 

discrepancy between heat capacity and cold denaturation of MBP remains unresolved.  

A model that incorporates temperature-dependence of ∆-.,� [98] may be necessary in 

order to extrapolate from observations made at the “hot” �� to estimate accurate 

temperatures of cold denaturation in this system.  Even so, a temperature-independent 

heat capacity is probably a reasonable approximation for this application where ∆�� is 

extrapolated over a few degrees in a typical ligand-induced thermal shift. 



 

37 

At 20 x SO, the �� value of SN for pdTp in the absence of Ca2+ is 350 µM, varying 

between 350 and 430 µM with SO, and the ∆-.,� value is 5.4 kcal mol-1K-1 (fig. 2.13C), 

varying between 4.6 and 6.9 kcal mol-1K-1 across SO concentrations.  SN stability and 

affinity for pdTp were relatively insensitive to SO concentration (fig 2.12A, 2.12C).  

Other methods reported in the literature have yielded dissociation constants of 95 µM 

[99] and 23 µM [72]. 

2.8 Discussion 

Quantification of protein-ligand interactions by the measurement of ligand-

induced changes in protein stability offers a number of advantages over methods that 

rely on the experimental determination of the fraction protein-ligand complex.  These 

advantages include a great degree of generality, choice of techniques for measuring 

protein stability, and, most importantly, a very large range of protein or ligand 

concentrations and affinities over which the observations are informative.  Provided 

there is no affinity of ligand for the denatured state, no limiting behavior of the thermal 

shift will be observed and the only theoretical limit to the affinities that can be measured 

by stability changes is set by the upper limit of experimentally accessible temperatures.  

This property is particularly invaluable for determining very high-affinity interactions 

[66], which otherwise require experimentally demanding approaches [100].  Low-affinity 

interactions are also experimentally accessible provided ligand can be added at 

sufficiently high concentrations. 
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A disadvantage of measuring affinity by ligand-induced stability changes is that 

a relatively sophisticated treatment of the linkage between binding and stability is 

necessary to interpret the data and extract the relevant parameters.  We have therefore 

presented a thermodynamic model in some detail in an attempt to clarify the salient 

features.  As mentioned above, the most important and unique feature of the method is 

that information about binding affinity can still be obtained at ligand concentrations 

where the protein-ligand complex is saturated because the free energy of binding 

continues to increase with increased ligand concentration.  Since the enthalpy due to 

binding is proportional to the fraction of protein bound by ligand [101], all such 

increases in ∆�� (and therefore ��) beyond the ligand concentration at which the 

protein-ligand complex is saturated are the result of entropic contributions. 

Monitoring protein unfolding with dyes such as Sypro Orange (SO), which 

increase their fluorescence emission intensities upon interaction with an unfolded state 

provides an experimentally straightforward, economical, and high-throughput method 

for observing thermal melts using commonly available RT-PCR instrumentation.  

However, analysis of these experimental observations requires careful consideration of 

dye-mediated reporting mechanism and the underlying thermodynamic model in order 

to extract free energies of stability and ligand binding.  

We have shown that SO exhibits unanticipated properties that should be taken 

into account in experimental design and data analysis.  First, in the absence of protein, 
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SO apparently self-associates in aqueous solution. This means that changes in 

fluorescence intensity could have two possible origins: a passive effect in which a 

decrease in the free SO concentration shifts the self-association equilibrium towards the 

more fluorescent free monomer; or an active effect in which FEI increases through direct 

interaction with the denatured state.  Second, SO can significantly perturb the unfolding 

and binding equilibria on which it is reporting.  Third, SO exhibits a large nonlinear 

intrinsic temperature dependence of fluorescence intensity, which is accounted for in the 

equations used to fit experimental data. 

The measurement of ligand-binding affinities exploits the linked equilibria of 

binding and folding manifested by as a ligand-dependent shift in �� values.  In order to 

report ligand-binding free energy at a common temperature, we calculate the ligand-

mediated change in the free energy of stability at that reference temperature with the 

Gibbs-Helmholtz relationship using ligand-shifted �� and ∆(�values.  A critical 

parameter in the use of this equation is the change in heat capacity that occurs upon 

(un)folding (∆-.,�).  This parameter is underdetermined from fits to a single 

experimental unfolding transition [68], although this approach is sometimes used [61, 

67].  It is possible to use heat capacity values calculated from the size of the protein as 

reasonable estimates [92].  However, we take advantage of the fact that ∆-.,� can be 

obtained experimentally directly from a ligand titration series, within which each 

thermal melt has a unique �� and ∆(� thereby providing the temperature dependence 
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of ∆(� (which is the heat capacity by definition). Once ∆∆�� values have been calculated 

at a common temperature for various ligand concentrations, the affinity of the 

interaction is determined by fitting the canonical equation for the free energy of ligand 

binding [86].  To extract �� and ∆(� values from experimental observations we have 

developed general methods that allow the incorporation of any baseline model (e.g. 

linear baseline model for CD or nonlinear for SO) directly into the equation describing 

the inverse first derivative of the temperature-dependence of the experimental 

fluorescence signal. 

This thermodynamic analysis implies that experimental observations are made 

under equilibrium conditions.  We have shown that SO-monitored unfolding can be 

reversible, but it is also necessary to ensure that the experimental rate of temperature 

change is commensurate with relaxation processes that establish equilibrium (kinetics of 

protein folding, ligand binding, SO interaction, and thermal equilibration).  We find that 

equilibration conditions vary dramatically from protein to protein and are dependent on 

ligand.  It is therefore necessary to design experiments that test whether equilibration 

conditions are achieved with the experimental temperature ramp rate.  It should be 

noted that �� shifts observed at ramp rates that are too fast to allow equilibration are 

still useful for screening ligand binding and provide semi-quantitative rank-ordering of 

affinities.  We also note that it is possible to design experiments that rely on isothermal 

relaxation kinetics to extract stabilities and binding constants [76].  At temperatures near 
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the ��, protein-dependent irreversible processes are at work and may preclude accurate 

analysis with equilibrium models for some proteins [102-104].  There is a tradeoff 

between slower ramp times allowing more equilibration time and faster ramp rates 

minimizing aggregation and misfolding.   

The application of this method to thermophilic proteins may be infeasible if the 

�� values exceed the experimentally addressable range.  In principle, it is possible to 

lower the �� through the use of chemical denaturants such as urea, however we find 

that these reagents may also alter the fluorescence emission intensity of SO (fig 2.6).  

Destabilizing mutagenesis may be used to bring thermophilic proteins into an 

experimentally accessible regime. 

Given its high environmental sensitivity, SO fluorescence in the presence of both 

native and denatured protein varies greatly with different proteins.  To monitor protein 

unfolding, total SO concentration and protein concentration (�`� ) should be empirically 

minimized to the extent possible without loss of signal, both to reduce irreversibility 

through aggregation effects and to maximize the information contained from ligand 

binding experiments.  Although the binding model can account for stoichiometric 

binding (eqn. 2.23), if �O� q �`�  , �� shifts will be negligible; if  �O� r �`�  , �� shifts 

contain little reliable information about �� (cf. fig 2.3C).  Affinities are most reliably 

determined if �O� _ �`�  (by about an order of magnitude).  In this study, protein 

concentrations between 2 µM and 6 µM were used.  We anticipate that monitoring will 
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be possible with lower protein concentrations as more sensitive detection methods are 

developed, further diminishing scale and minimizing irreversible off-pathway 

processes. 

It is remarkably straightforward to collect experimental thermal melt data using 

extrinsic dyes that fluoresce upon interaction with unfolded protein.  Great care must be 

exercised in experimental design and quantitative analysis of the data (e.g. to account for 

effects the dye may have on the equilibria under observation as we illustrate for Sypro 

Orange).  Nevertheless, these methods enable experimental observation of many 

fundamental thermodynamic parameters (e.g. �� , ∆��, ∆��, ∆(�, ∆(�, ∆P-.,�) with 

unprecedented ease and throughput.  Their continued development is likely to play an 

important role in the analysis of biological systems. 

2.9 Materials and Methods 

2.9.1 Protein Purifications 

Staphylococcal nuclease A (SN), Escherichia coli maltose-binding protein (MBP), 

and E. coli ribose-binding protein (RBP) were expressed (for sequences see supporting 

materials) and purified from E. coli culture in auto-induction media essentially as 

described [105].  Protein concentrations were estimated from absorbance at 280nm using 

calculated extinction coefficients [106] (SN, ε280 = 15,930 M-1cm-1; MBP, ε280 = 70,820 M-

1cm-1; RBP, ε280 = 4,470 M-1cm-1).   
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2.9.2 Protein Sequences for SO Ligand Studies 

SN: 
 
MATSTKKLHKEPATLIKAIDGDTVKLMYKGQPMTFRLLLVDTPETKHPKKGVEKYGPEASAFTKKMVENAKKIEVEFDKGNRTDKYGRG
LAYIYADGKMVNEALVRQGLAKVAYVYKPNNTHEQHLRKSEAQAKKEKLNIWSEDNADSGQGGSHHHHHH 

 
MBP: 
 
MKHHHHHHGGNKTEEGKLVIWINGDKGYNGLAEVGKKFEKDTGIKVTVEHPDKLEEKFPQVAATGDGPDIIFWAHDRFGGYAQSGLLAE
ITPDKAFQDKLYPFTWDAVRYNGKLIAYPIAVEALSLIYNKDLLPNPPKTWEEIPALDKELKAKGKSALMFNLQEPYFTWPLIAADGGY
AFKYENGKYDIKDVGVDNAGAKAGLTFLVDLIKNKHMNADTDYSIAEAAFNKGETAMTINGPWAWSNIDTSKVNYGVTVLPTFKGQPSK
PFVGVLSAGINAASPNKELAKEFLENYLLTDEGLEAVNKDKPLGAVALKSYEEELAKDPRIAATMENAQKGEIMPNIPQMSAFWYAVRT
AVINAASGRQTVDEALKDAQTGSGGTPGRPAAKLNGGSYPYDVPDYA 

 
RBP: 
 
MKDTIALVVSTLNNPFFVSLKDGAQKEADKLGYNLVVLDSQNNPAKELANVQDLTVRGTKILLINPTDSDAVGNAVKMANQANIPVITL
DRQATKGEVVSHIASDNVLGGKIAGDYIAKKAGEGAKVIELQGIAGTSAARERGEGFQQAVAAHKFNVLASQPADFDRIKGLNVMQNLL
TAHPDVQAVFAQNDEMALGALRALQTAGKSDVMVVGFDGTPDGEKAVNDGKLAATIAQLPDQIGAKGVETADKVLKGEKVQAKYPVDLK
LVVKQGGSHHHHHH 

 

2.9.3 Derivation of the Stoichiometric Binding Free Energy Equation 

Here I derivation the equation describing ∆�� for single-site, including shifts that 

occur in the stoichiometric regime (equation 2.23)  In this context this is also the equation 

for ligand-induced thermal stabilization (∆∆��) if binding occurs only to the native state 

(see scheme 2.1). 

 �f � ��T � �P����P�  
� � f � �� G T � ��P�����P�  

�� � ��Y � �����  
� P � � �� X Y � ��P��P�  

��� � ��� � ��O�  
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��� � ��� � ��O�  
�`� � ��� � ���  
�`O� � ��O� � ��O�  
�`� � ��� � ��O� � ��� � ��O� � ��� � ��� � �`� � �`O�  
�O� � �O� � ��O� � ��O�  
�O� �  �O� � ��O� � ��O�  
 

At the �� f.) , �� � 1 and ��� � ���: 
�`� � 2��� � ��O� � ��O� � 2��� � ��O� � ��O�  
��� � ��� � �c 	�`� � ��O� � ��O�
  

 

In the case where there is no affinity of ligand for the denatured state: 

��O� � 0  

�`� � 2��� � ��O� � 2��� � ��O�  
��� � ��� � �c 	�`� � ��O�
  

�O� �  �O� � ��O�  
 

�f � �P����P� � �P�9J	�b�%"�P�
	�P�%"�P�
  
�f	�`� � ��O�
	�O� � ��O�
 � 2��O�  
�f(�`� �O� � ��O��O� � �`� ��O� � ��O�c
 � 2��O� � 0 

�`� �O� � ��O��O� � �`� ��O� � ��O�c � 2����O� � 0  

��O�c � 	�O� � �`� � 2��
��O� � �`� �O� � 0  
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Solve for ��O� with the quadratic equation: 

t��O�c � L��O� � u � 0  

��O� � "�v√�J"efxcf   

t � 1  

L � �	�O� � �`� � 2��
  

u � �`� �O�   

��O� � �P�%��b�%�c�T"d	�P�%��b�%�c�T
J"e�b�%�P�%c   

The binding polynomial, R, of protein in the native state for ligand is: 

R � ���� � �P��� � 1 � �P��T  

∆∆�� � ∆�� � �Q�12R � �Q�12 *1 � �P��T, � �Q�12 *1 � �P�%"�P� �T ,  

∆∆�� � �Q�12 y1 � �P�%"�X�%z�{�%zJ\T|h	�X�%z�{�%zJ\T
J|}�{�%�X�%J   �T ~  

∆∆�� � �Q�12 01 � c�P�%"�P�%"�b�%"c�T�d	�P�%��b�%�c�T
J"e�b�%�P�%  c�T 3  

∆∆�� � �Q�12 01 � �P�%"�b�%"c�T�d	�P�%��b�%�c�T
J"e�b�%�P�%  c�T 3   

2.9.4 Monitoring of Protein Unfolding and Ligand Binding with Sypro 
Orange 

SN was used at a final concentration of 6 µM, MBP at 2 µM, and RBP at 6 µM.  

Experiments were done in 25 mM potassium phosphate, (SN, pH 7; MBP and RBP, pH 

7.5), and KCl (SN, 100 mM; MBP and RBP, 140 mM); SN experiments additionally 

contained 500 µM EDTA to chelate any residual Ca2+.  Sypro Orange (Invitrogen S6651) 
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was used at a final concentration of 20 x, unless otherwise indicated.  To make 

measurements, each sample was subdivided into either two or four 20 µL replicates on a 

384 well plate and fluorescence measurements were made on a Roche LightCycler 480 II 

RT-PCR machine with filters to excite at 465 nm and measure emission at 580 nm as 

temperature was continuously increased (ramp rates for determination of ligand 

affinities: SN-pdTp, 9.0°C/min; MBP-maltose, 0.5°C/min).  Inverse derivative curves 

were exported directly from the machine and fit with custom software.  Replicate �� 

and ∆(� values were averaged.  The concentration of pdTp (Toronto Research 

Chemicals T410000) was determined by absorbance at 267 nm using an extinction 

coefficient of 9,700 M-1cm-1 [107].
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3 Quantitation of Protein-Protein Interactions by 
Thermal Stability Shift Analysis 

Protein-protein interactions (PPIs) play a critical role in many biological 

processes [7, 8].  Quantitative measurement of the interaction between binding partners 

is essential for analyzing biological systems [4, 5], discovering new therapeutics that 

disrupt PPIs [11, 12], and understanding the biophysical principles of these interactions 

[13, 16, 108].  Accurate quantitation of protein-protein binding remains one of the more 

difficult measurements in experimental biothermodynamics.  The majority of 

quantitative methods determine dissociation constants (��) either from the kinetics of 

(dis)association [109, 110] or by determination of the fraction of complex formed as a 

function of partner concentrations, for example from fluorescent changes on 

complexation [111-113], from heats of binding proportional to the amount of complex 

formed [101], or from changes in the amount of free partner [114].  Free energies are then 

derived by application of the well-known equation ∆�� � Q�12	��
.  Recently, 

fundamentally different approaches have been developed that infer dissociation 

constants by exploiting the thermodynamic linkage between protein unfolding and 

ligand binding [61, 62, 66, 67, 72-76, 105, 115].  These methods determine the free energy 

of ligand binding by observing the ligand-dependence of protein stability and have the 

advantage of being able to measure a wide range of affinities (including high affinity 

interactions that are otherwise difficult to measure) at a wide range of ligand 
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concentrations (including concentrations well above ligand saturation, which are not 

accessible by other methods).  These methods were originally developed for 

determining the interactions between proteins and small molecules.  Here we present 

their extension to the quantitation of protein-protein interactions. 

The stabilities of proteins are changed (typically increased) upon addition of 

ligand.  These changes are quantitatively linked to the affinity of the interaction.  A 

particularly convenient technique to observe protein stability by thermal unfolding is 

based on the use of a dye that becomes fluorescent upon interaction with the unfolded 

state.  The commercially available dye Sypro Orange (SO) [60] is one such example, and 

has excitation and emission properties compatible with readily available RT-PCR 

instrumentation [61, 62].  High-throughput methodologies using small amounts of 

material have been developed to observe protein thermal denaturation using microtiter 

plates in RT-PCR instruments.  For example, in this study, observations of protein 

unfolding made with SO were made in 384-well plates with sample volumes of 20µL in 

each well.  In these experiments, fraction of unfolded protein is monitored as an increase 

in fluorescence emission intensity (FEI) of SO with temperature.  The ligand dependence 

of stability is determined by measuring these profiles in the absence and presence of 

various ligand concentrations.  From these observations, free energies of binding (and 

hence ��) are extracted.  In these experiments data collection is straightforward and 
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rapid, but quantitative analysis requires careful consideration of the underlying 

thermodynamic model and the dye-mediated reporting mechanism. 

Here we demonstrate how this analysis can be applied to measuring PPIs.  We 

use the interaction between E. coli maltose-binding protein (MBP) and the synthetic 

ankyrin repeat protein Off7 [30] as an experimental system to test our method.  We show 

that the interaction between these two proteins can be detected through thermal stability 

shift and can be quantified by a thermodynamic model.  We use interface mutants to 

demonstrate that a range of affinities can be analyzed in this manner. 

3.1 The Temperature Dependence of Kd 

Integral to the development of a quantitative understanding of the relationship 

between binding and thermal stability is a description of the temperature dependence of 

binding affinity.  Under the assumption of temperature independence of the heat 

capacity of a binding interaction, ∆-.,�, (note that it is unclear how justified this 

assumption is for binding [116]), the temperature-dependence of the enthalpy of binding 

can be described as [80]: 

∆(�	�
 � ∆(�) � � ∆-.,�j� + � ∆(�) � ∆-.,�	�) � �
     3.1 

where ∆(�	�
 and ∆(�) are the enthalpies of binding at temperature � the reference 

temperature �), respectively. Similarly for the temperature dependence of the entropy 

of binding, ∆��: 

∆��	�
 � ∆��) � � ∆�;,� j� + � ∆��) � ∆-.,�ln *   +,      3.2 
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If we know the free energy of binding, ∆��), at the reference temperature �), we can use 

the relationship 

∆��) � ∆(�) � �)∆��)         3.3 

to describe ∆��) in terms of ∆(�)  

∆��) � *∆H�+"∆��+ + ,          3.4 

and substitute this to obtain an expression for the temperature-dependence of ∆�� in 

terms of ∆(� and ∆-.,� (the Gibbs-Helmholtz relationship): 

∆��	�
 � ∆(�) � *   +, 	∆(�) � ∆��)
 � ∆-.,� 0�) � � � �ln *   +,3    3.5 

Now, given that  

∆��) � Q�)ln 	��)
          3.6 

where ��) is the dissociation constant at �), and that 

∆��	�
 � Q�ln	��	�

         3.7 

At any temperature �, we have (from eqn. 3.5, 3.6, and 3.7): 

Q�ln	��	�

 � ∆(�) � *   +, 	∆(�) � Q�)ln 	��)

 � ∆-.,� 0�) � � � �ln *   +,3  3.8 

which simplifies to  

lnM��	�
N � ∆H�+I *� � � +, � ∆�;,�I 0 + � 1 � ln *   +,3 � ln 	��)
     3.9 

or 

��	�
 � ��)!�∆8�+& *9%" 9%+,"∆:;,�& 5%+% "����* %%+,6�
       3.10 
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Note that this is a similar but not identical to an equation describing the temperature 

dependence of �� published earlier [67]. 

3.2 Ligand-Induced Shifts in Stability for Protein-Protein 
Interactions 

Determination of affinities from ligand-induced shifts in stability exploits the 

linked equilibria between binding and folding.  In the case of protein-protein 

interactions, the thermodynamic cycle describing such linkage relationships for two-

state folding and single-site binding is a cube connecting eight states, because both 

partners can unfold and binding between all combinations of native and denatured 

states must be considered. For a single-site protein-protein association equilibrium LMP 

+ HMP ⇌ LMP-HMP: 

 

Scheme 3.1 

where DLMP is the denatured state of the partner with a lower melting 

temperature (lower-melting partner, LMP), NHMP is the native state of the higher-melting 

partner (HMP), and DxNy are the various complexes between native (N) and denatured 
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(D) states (x and y are one of HMP or LMP).   A powerful simplification can be made if 

there is sufficient separation in the melting temperatures (�� values) of the two partners 

such that the LMP is predominantly unfolded before the HMP has begun its unfolding 

transition.   If this condition applies, the HMP behaves as a stable ligand throughout the 

unfolding transition of the LMP.  For analysis at temperatures well below the HMP 

unfolding transition, states containing DHMP are not significantly populated and the 

thermodynamic cycle reduces to: 

 

Scheme 3.2 

Under these conditions, binding can be analyzed solely in terms of HMP-

induced shifts on the thermal stability of the LMP, and is equivalent in many ways to the 

analysis of the interactions between proteins and non-protein ligands [115].  A further 

simplification can be made if binding interactions occur only between native states: 

 

Scheme 3.3 
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In this thermodynamic triangle, the binding free energy is just the difference in 

stability between apo and liganded protein.  This model is used below to develop 

methods for data analysis. 

In order to explore how much separation in �� is necessary to make the 

assumption leading to scheme 3.2, the overlap of two (un)folding transitions can be 

simulated by calculating the fraction folded of both partners as a function of 

temperature.  For a two-state model the fraction (un)folded protein is given by [115]: 

�	�
 � 1 1 � !"#∆4 8�& *9%" 9%4,'@          3.11 

Where �� is the midpoint temperature of the thermal unfolding transition, and 

∆� (� is the enthalpy of unfolding at the ��.  The �� difference necessary to achieve 

appropriate separation of the two folding transitions is dependent on the “steepness” of 

each transition, determined by the respective ∆� (� values of the partners (fig. 3.1A,B).  

For example, in order for 99% of the LMP to be denatured before 1% of the HMP is 

denatured, a ∆�� of ~15-~20°C is required for ∆� (� values between 100 and 150 

kcal/mol (fig. 3.1C).  For 95% of the LMP to be denatured before 5% of the HMP is 

denatured, a ∆�� of ~8-~12°C is required (fig 3.1D), and for 85% LMP denaturation 

before 15% HMP denaturation, a ∆�� of only ~6-~8°C is required over the same ∆� (� 

range (fig. 3.1E).  This analysis applies to the �� separation between the ligand-shifted 

LMP and the HMP; separation between melting transition temperatures of the apo 

proteins therefore must be greater, especially for high-affinity interactions. 
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Figure 3.1: Simulated unfolding curves demonstrate potential overlap between two 
unfolding transitions. (A) Case 1: unfolding transitions for the lower- (LMP) and 
higher-melting partner (HMP) are well separated.  The temperature at which only 5% 
of the LMP remains folded (TLMP5) is significantly lower than the temperature at 
which 95% of the HMP is still folded (THMP95).  The curves were simulated using 
equation 3.11 with: Tm of the LMP (TLMP50), 50°C; ΔLMPHu, 150 kcal/mol; Tm of the HMP 
(THMP50), 68°C; ΔHMPHu, 100 kcal/mol.  (B)  Case 2: there is overlap between the 
unfolding transitions of the two partners, such that THMP95< TLMP5.  Note that this 
change results from modulation of the unfolding enthalpy of the LMP, while the Tm 
of the LMP and all parameters for the HMP remain constant.   Parameters for the 
simulation were: TA50, 50°C; ΔLMPHu, 50 kcal/mol; THMP50, 68°C; ΔHMPHu, 100 kcal/mol. 
(C-E) The required minimal separation values of the unfolding transition midpoints 
(THMP50 and TLMP50) is dependent on the permitted overlap tolerance: (C) TLMP1=THMP99 
(D) TLMP5=THMP95 (E) TLMP15=THMP85 (THMP50=80°C for C-E) 
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3.3 Determination of Tm Values 

Extraction of �� values from the temperature dependence of signals that report 

on the fraction of (un)folded protein is the first step in thermal shift analysis.  

Procedures have been developed to fit such experimental data in terms of �� and ∆� (� 

for single unfolding transitions [115, 117].  We fit to the first derivative of the signal with 

respect to temperature, and may include nonlinear functions to describe pre- and/or 

post-transition baseline signals.  The latter is particularly useful for analysis of protein 

unfolding monitored by Sypro Orange (SO), which exhibits nonlinear character in the 

post-transition baseline [115].  For protein-protein interactions, the situation is further 

complicated because both partners can each denature, and the observed signal is a 

summation of two unfolding curves.  In the inverse derivative trace of this multi-protein 

denaturation, both unfolding transitions are observable as a trough, the minimum 

approximately corresponding to the �� (fig 3.2B).  However, fitting such data to obtain 

∆� (� for both proteins is less straightforward.  We therefore develop methods for 

measuring affinity by thermal shift that only require determination of �� from this data, 

where �� is determined from the inverse derivative trough minimum.  Single-protein 

(apo) denaturations are fit as previously described to obtain both �� f.)  and ∆ (��f.)  

[115]. 
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Figure 3.2: Experimental thermal unfolding curves of wild-type MBP (LMP) and Off7 
(HMP) variants monitored with SO. (A) Fluorescence emission intensity (FEI) of 2μM 
MBPwt only (blue), 25μM Off7wt only (solid red), and 2μM MBPwt combined with 
25μM Off7wt (solid black).  Note the shift in the LMP unfolding transition.  
Approximate extrapolated pre-HMP-transition baselines (dashed lines) are shown to 
qualitatively illustrate convolution of the signal reporting on the unfolding 
transitions.  We interpret the skew (apparent in the first derivative plot) of the Off7 
(HMP) unfolding transition in the presence of MBP as arising largely from this 
convolution, with a possible additional contribution by irreversible aggregation 
processes occurring in the presence of denatured MBP. (B) Inverse first derivative 
plots of the unfolding curves in A.  (C) Inverse first derivative plots of the LMP (2μM 
MBPwt) unfolding transitions in the presence of four Off7 variants (25μM; mutations 
indicated).  All observations were made at 20x SO.  
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3.4 Determination of PPI Affinities 

Binding free energies vary according to temperature and partner concentration.  

Accordingly, when deriving any dissociation constant from binding free energy with the 

equation ��) � !M∆��+ I +⁄ N, it is important to remember that �) is the temperature at 

which ∆��) was determined (e.g. 25°C) and, furthermore, that this commonly used 

equation also implies a standard state of 1M concentration of one partner and a 

concentration that is much less than 1M of the other partner.  Because ∆�� varies with 

temperature and concentration, ∆��) is a single point on the general binding energy 

surface ∆��	�, �`�, �O�
  where � is temperature and �`� and �O� are the concentration of 

the LMP (the “protein”) and the HMP (the “ligand”) respectively.  In the experimental 

approach presented here, this binding free energy is obtained by comparing protein 

stability in the absence (∆f.)��	�
) and presence (∆P��	�, �`�, �O�
) of ligand.  In general, 

this means that the relevant observations of protein stability are made at different 

temperatures as a consequence of the ligand-dependent perturbation of ��.  

Accordingly, in order to relate observations made at different ligand concentrations and 

at different temperatures, we construct a model of the free energy of binding and 

stability as a function of both ligand and temperature. 

 If there is no binding of ligand to the denatured state of the protein, the binding 

free energy is simply the difference between the free energy of stability in the absence 

and presence of ligand (scheme 3): 
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���	�, �`�, �O�
 � ∆f.)��	�
 � ∆P��	�, �`�, �O�
      3.12 

∆f.)�� and ∆P�� are determined at specific temperatures and concentrations: 

	 �� f.) , �`�, �O� � 0
 for ligand-free stability and 	 �� P , �`�, �O�
 for ligand-shifted stability 

because these are the conditions under which experimental unfolding transitions are 

obtained.  Accordingly, in order to obtain the free energy of binding, ���	�, �`�, �O�
, 

from thermal stability shift data with this equation, it is sufficient to describe protein 

stability as a function of both temperature and partner concentration, ���	�, �`�, �O�
.  

Here we describe how to construct a master equation to achieve this aim and use it to 

quantitate binding affinity from stability measurements (unfolding transitions). 

The temperature-dependence of protein stability in the absence of ligand is 

described by the Gibbs-Helmholtz relationship: 

∆��	�
 � ∆� (� *1 �   4, � ∆-.,� 5�� � � � �12 *   4,6     3.13 

Where ∆� (� is the enthalpy of unfolding at the transition midpoint (��) and 

∆-.,� is the heat capacity of unfolding.  The concentration-dependence of the free energy 

of stability is given by a rearrangement of equation 3.12 (scheme 3.3): 

∆P��	�, �`�, �O�
 � ∆f.)��	�
 � ���	�, �`�, �O�
      3.14 

where ∆f.)��	�
 is given by equation 3.13 and the binding free energy is: 

∆�� �  �Q�12R          3.15 

where R is the binding polynomial of the partners [88].  For a single binding site at a 

concentration of ` such that �`� q �O�, this becomes: 
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∆��	�O�
 � �Q�12 *1 � �P��T	 
,        3.16 

where ��	�
 is the dissociation constant at temperature �.  From this equation it is 

readily apparent that isothermal free energies of binding increase continuously with �O� 
(fig. 3.3). 

 

Figure 3.3: Simulations illustrating the shift in stability with binding partner 
concentration in the non-stoichiometric (solid line, eqn. 3.16) and stoichiometric 
regime (dashed line, eqn. 3.17) for different binding affinities (Kd values indicated).  
The stoichiometric regime was simulated with a [P] (LMP) of 2μM.  Assuming a lower 
concentration limit of 10x[P]=20μM and a practical upper limit of 100μM (see text), the 
gray region illustrates the relatively narrow window of HMP partner concentrations 
available for analysis of PPIs by thermal shift.  

In principle, this means that free energies can be measured over a very wide 

concentration range, which is one of the advantages of this method.  In practice, 

however, there is an upper limit of protein concentrations that can be used for three 

reasons: a, scale of protein production; b, protein aggregation at high concentrations; c, 

masking of the signal reporting on the unfolding of the LMP by background signal from 



 

60 

high concentrations of HMP.  There is also a lower limit of protein concentrations that 

can be used in PPI thermal shift assays which will usually be set by binding 

stoichiometry.  As �O� approaches a regime in which binding stoichiometry must be 

explicitly considered (�O� � ~10��`�), ∆�� varies as [115]:  

∆��	�, �`�, �O�
 � �Q�12 01 � �P�"�b�"c�T	 
�d	�P���b��c�T	 

J"e�b��P�  c�T	 
 3    3.17 

where �`� and �O�  are the total LMP and HMP concentrations, respectively.  In this 

concentration range, ∆�� deviates from equation 3.16 (fig 3.3, dashed lines).  Although 

stoichiometric effects can be accounted for with equation 3.17, in this range ∆�� values 

are very sensitive to small errors in estimates of �`� (i.e. the LMP concentration).  It is 

therefore advisable to perform the experiment at �O� (i.e. the HMP concentration) above 

the stoichiometric limit.  For example, many proteins display good signal-to-noise at 

concentrations of 1-6µM in SO-monitored thermal unfolding, which establishes the 

range for �`�.  To be above the stoichiometric regime, �O� therefore must be ~10-60µM.  

Between the stoichiometric lower limit and the practical upper limit, there may be a 

relatively narrow window of partner concentrations that can be used in a PPI thermal 

stability shift assay (fig. 3.3).  However, one significant property of measuring affinities 

by stability shifts is that if HMP concentration is above the stoichiometric regime and 

above the �� (and there is no binding of NHMP to DLMP), affinities can be estimated from 

the magnitude of thermal shift at a single partner concentration. 
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In order to simultaneously describe both the concentration- and temperature-

dependence of binding, we incorporate the temperature-dependence of �� into equation 

3.16 or 3.17 (from 10): 

��	�
 � ��)!7∆8�+& *9%" 9%+,"∆:;,�& 5%+% "����* %%+,6?
       3.18 

where ∆-.,� is the heat capacity of binding and ��)and ∆(�� are the dissociation constant 

and the enthalpy of binding, respectively, at an arbitrary reference temperature �).  This 

equation is valid for �� values significantly below 1M.   

Equation 3.18 substituted into equation 3.17 describes binding free energy as a 

function of both temperature and concentration of both partners.  In combination with 

equations 3.13 and 3.14, this forms a master model that can be used to relate �� to the 

observations of stability made at different concentrations and at different temperatures 

that are produced in a thermal shift experiment. 

In a binding experiment, we thermally denature a protein in the absence and 

presence of partner.  In such an experiment, we experimentally determine �� f.) , 

∆ (��f.) , and values of �� P  as discussed above.  However, for PPIs, the signal reporting 

on protein thermal stability is a convolution of two unfolding transitions and analysis of 

the primary fluorescence signal is more complex than for protein in the presence of 

small molecule ligands (fig. 3.2).  ∆ (��P  values are determined by the shape of the 

unfolding transition, and we do not fit them from these multi-protein transitions.  We 

therefore introduce a method that does not rely on the determination of  ∆ (��P .  This 
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method reports the distribution of �� values that would be expected to produce the 

observed binding-induced �� shift given the values of all experimentally measured 

parameters and distributions of literature values of unknown parameters [116].This 

stochastic method has the additional advantage of providing a much more quantitative 

evaluation of the error associated with the reported value, and we show that the 

accuracy with which �� values are known is temperature-dependent. 

Using the model of stability and binding as a function of ligand and temperature 

described above (equations 3.13, 3.14, 3.17, and 3.18), we note that at the ligand-shifted 

�� ( �� P ) induced by some concentration, �O�, of ligand, the following relationship is true 

(shown here with all relevant input parameters): 

∆��M �� P , �� f.) , ∆ (��f.) , ∆-.,�N � ∆��M �� P , �), ��), ∆(�), ∆-.,� , �O�, �`�N � ∆ �� P � 0   
3.19 

Accordingly, we use numerical methods to solve this equation for the ��) of the 

binding interaction.  We incorporate this equation into a Monte Carlo method where we 

discover the range of possible �� values given experimental protein stability 

measurements in the presence and absence of binding partner and distributions of other 

thermodynamic parameters reported in the literature for many PPIs. 

For each Monte Carlo trial, �� f.)  and ∆ (��f.)  values are experimentally 

determined[115], ∆-.,� is calculated from the size of the protein [92], and �� P  is 

determined as the minimum of the inverse derivative trough of the LMP unfolding 
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transition (fig 3.2).  For all these parameters, values are sampled for each trial from 

normal distributions defined by the mean and standard deviation of experimental 

replicates ( �� f.) , ∆ (��f.) , and �� P ) or by the error associated with the calculation of 

∆-.,� [92].  ∆(�) and ∆-.,� are fit along with ��) with the Levenberg-Marquandt 

algorithm.  In each trial, initial values for the minimization were generated by sampling 

∆(�) and ∆-.,� and ��) from normal distributions constructed from all proteins 

characterized by ITC at 25°C in reference [116] (µ (σ): ∆(�), -9 (14) kcal/mol ; ∆-.,�, -350 

(250) cal/mol∙K; ��) by equation 3.6 from ∆��), -9.9 (2.7) ).  Because these values were 

experimentally determined at 25°C, this value was used as the reference temperature 

(�)) in the calculation.  On convergence (∆ �� P =0±1E-9, eqn. 3.19), the fit values of the 

∆(�), ∆-.,�, and ��) parameters were used with equation 3.17 to finely sample and record 

�� as a function of temperature over the range 0-100°C for each trial.  Trials that failed to 

converge after a specified number of iterations of the minimization algorithm were 

discarded. 

We repeat this process until output means and standard deviations are stable 

(we perform 500 successfully converging trials), and then report the resulting 

distribution of ��  values at each temperature.  Figure 3.4 shows the temperature 

dependence of this output distribution for the wild-type MBP-Off7 interaction.  Despite 

significant variation in input parameters, �� is quite well determined near the 

temperature at which ligand-shifted �� values are observed.  However, at low 
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temperature, uncertainties are large making comparison with other experimentally 

determined �� values difficult. 

 

 

Figure 3.4: Fit to the thermodynamic model of experimental thermal shift data for the 
interaction between MBPwt and Off7wt.  (A) 500 Monte Carlo trials that fit MBP Tm 
values in the absence and presence of 25μM Off7 (filled circles).  Each trial generates 
a temperature-dependent model of apo MBP stability (eqn. 3.13; blue) and Off7-
shifted MBP stability (eqns. 3.13,3.14,3.17,3.18; red) using parameters that were 
experimentally determined or randomly sampled from literature ranges as described 
in the text.  (B) The temperature-dependence of Kd values and error.  The mean (solid 
black line) and 1 standard deviation (dotted black line) lines were determined at each 
temperature from the distribution of individual fits (panel A) at that temperature.  
The Kd value is most certain at the Off7-shifted LTm (filled circle).  The affinity of the 
interaction at 25°C as measured by SPR [30] is shown for comparison (4.4nM, filled 
square).  Affinities of all mutants in this study were reported at a common reference 
temperature, the apoTm of MBP (51°C). 
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3.5 Experimental Case Study: Maltose Binding Protein and a 
Synthetic Ankyrin Repeat Protein 

The high-affinity interaction between MBP and the synthetic ankyrin repeat 

protein Off7 provides an appropriate test case for this method, because the ��  values of 

the two partners are well separated.   We observe a significant shift of the �� value of 

MBP (the LMP) in the presence of Off7 (the HMP) (fig 3.2A).  It is essential that the 

system be in equilibrium if the thermodynamic model presented here is to be applied.  

Equilibration is readily testable using an isothermal dwell period programmed into the 

RT-PCR instrument near the �� of the LMP, which is MBP is this case [115].  Empirical 

optimization revealed that a rate of 0.239°C/min was necessary for equilibrium 

unfolding of MBP in the presence of Off7, and this rate was used for all experiments in 

this study (fig 3.5).  Data acquisition therefore required almost 6 hours to complete.  

Even at these slow ramp rates, simultaneous collection of unfolding data for 384 samples 

is still quite high throughput in comparison to conventional methods for measuring 

stability or PPI interactions. 
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Figure 3.5: Isothermal dwell to test whether the ramp rate is sufficiently slow to allow 
equilibration of the system in the LMP unfolding transition region. The temperature 
is held constant near the Tm of the LMP (thick black).  The minimal signal change over 
the isothermal period indicates equilibrium (see inset).  Using this test, the ramp rate 
was empirically optimized to 0.239°C/min.  The unfolding experiment takes several 
hours at this ramp rate. 

The �� of the interaction between MBP and Off7 was originally determined to be 

4.4nM by surface plasmon resonance at 25°C [30].  When the affinity is measured by 

thermal stability shift analysis, the uncertainty in the result is lowest at the �� P  (58°C) 

where the affinity is found to be 260nM within one standard deviation (1σ) of (220-

320nM).  To compare with the SPR result however, we must extrapolate to 25°C where 

the affinity was estimated at 40nM, but with a very large uncertainty (1σ = 6-200nM).  

Using a series of alanine mutations constructed by site-directed mutagenesis of 

residues in the interface region of either partner, we demonstrate that it is possible to 

quantitate affinities over several orders of magnitude.  �� values were estimated from 

thermal unfolding shifts in the MBP variant observed in the presence and absence of the 

Off7 variant at 25µM.  An added benefit of this approach is that it can also readily be 
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used to assess the effect of mutation on the stability of each partner individually (table 

1).  Due to the temperature-dependence of binding, in comparative analysis of affinities 

between various partners (∆∆�� values) affinities must be reported at the same 

temperature.  We compare affinities at the MBPwt �� f.)  (51°C) where �� is relatively 

well determined for all mutants, and report ∆∆�� values for all variant pairs at this 

temperature.  �� for both partners is also reported.  The residue numbering used in the 

identification of mutations is taken from the structure of the complex (PDBID: 1SVX). 
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Table 3.1: Stability shifts and affinities for alanine variants of MBP and Off7Stability shifts and affinities for alanine variants of MBP and Off7(one standard deviationstandard deviation in parentheses) 



 

69 

3.6 Sypro Orange Concentration-Dependent Effects 

The mechanism whereby SO reports on unfolding remains poorly understood 

[115].  Models (including the one presented here) used to interpret the data assume that 

SO is an inert reporter of protein unfolding that does not inhibit binding interactions or 

(de)stabilize protein.  However, we have shown previously that SO can perturb 

unfolding equilibria, thereby affecting derived thermodynamic parameters such as �� 

values and binding free energies [115].  To investigate to what extent SO affects the 

MBP-Off7 protein-protein interaction, we performed a series of thermal shift assays at a 

series of SO concentrations (fig. 3.6). 

 

Figure 3.6: Dependence of the interaction between MBPwt and Off7wt on Sypro 
Orange concentration.  (A) Tm values of apo MBP (filled circles) and MBP in the 
presence of Off7 (filled squares).  (B) ΔHu values of apo MBP.  (C) Kd values reported 
at 25°C.  (D) Kd values reported at the apoTm of MBP (51°C). 
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From these observations, it is clear that there is a significant destabilization 

(lowering of the apparent ��) of MBP by SO as observed previously[115].  However, in 

the lower concentration range of SO (~7 to ~35x)1 the effect on �� values is quite small.  

We have chosen 20x SO as the standard concentration to obtain our measurements 

because this concentration reports on unfolding with excellent signal-to-noise and falls 

within this stable range. 

3.7 Discussion 

We have demonstrated that PPIs can be detected and quantified by analysis of 

shifts in thermal stability of a protein in the presence of its binding partner.  Data 

collection is rapid and straightforward using readily available RT-PCR instrumentation.  

Unlike methods which determine the fraction complex formation as a function of ligand 

concentration, this method does not necessarily require the construction of a titration 

series that brackets the dissociation constant.  Within the limiting assumptions of the 

thermodynamic model used here to analyze the experimental data, information can be 

obtained at any protein concentration above the stoichiometric limit and dissociation 

constant.  High experimental throughput is enabled both by sample parallelization in 

microtiter plates, and by this ability to extract quantitative binding information at a 

single concentration of the higher-melting partner (HMP).  In a single experiment we 

                                                      

1 The formula and molar concentration of Sypro Orange is not disclosed.  Therefore, arbitrary units of ‘x’ are 
used as provided by the manufacturer. 
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have been able to quantify the affinities of a series of mutant interfaces, covering a 

relatively wide range of affinities (~100nM to ~100µm at 51°C). 

Binding affinities are inherently temperature-dependent.  Affinities measured 

using ligand-dependent shifts in thermal stability will generally need to take this 

dependence into account because experimental observations are made at different �� 

values.  The numerical method presented here for estimating affinities from thermal 

stability shifts empirically illustrates the temperature-dependence of the error in such 

extrapolations.  Although the temperature-dependence of binding is dependent on a 

number of parameters that are absent or ill-determined from thermal stability shift 

analysis, when we test the sensitivity of the �� to these parameters by sampling from 

distributions of literature values observed for many other PPIs, we find that the affinity 

is still quite well determined near the �� P .  This implies that the effect of mutations on 

binding can be evaluated with reasonable confidence at temperatures near the ��, but 

that extrapolations to physiological or standard experimental conditions should be made 

with caution. 

As is the case for the analysis of interactions with small molecules, quantitation 

of PPIs by this method needs to take into account equilibration times and SO-dependent 

effects.  Equilibration conditions are established experimentally by systematically 

exploring temperature ramp rates.  The models used to interpret the data assume that 

SO is an inert reporter of protein unfolding.  However, as shown previously, SO can 



 

72 

significantly perturb the (un)folding and binding equilibria on which it is reporting 

[115].  The use of SO may therefore introduce systematic errors.  The method and 

thermodynamic framework which we have presented here is not limited to the use of 

SO dye but can be applied to any experimental signal for thermal protein unfolding. 

We have been able to demonstrate that PPIs can be quantified using thermal 

stability shift measurements by taking advantage of the fact that the �� values of MBP 

and Off7 are sufficiently well separated such that the thermodynamics of this interaction 

can be analyzed solely in terms of the effects of the latter on the stability of the former.  

With further development, the thermodynamic framework and signal processing 

methods used here can be extended to a general analysis of PPIs that does not require 

non-overlap of folding transitions. 

3.8 Materials and Methods 

3.8.1 Genetic Constructs 

Off7 and MBP variants were assembled from oligonucleotides [56] into full-

length linear genes including T7 promoter, RBS, T7 terminator, and restriction 

sequences.  The wild-type Off7 ORF sequence was simultaneously computationally 

isocodon optimized for expression [118] and minimization of direct sequence repeats to 

facilitate PCR assembly of this repeat protein.  These genes were cloned into pUC19 

(NEB N3041L) and sequence verified.   
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RBS 

T7 Promoter 

EcoRI 

HindIII 

T7 Terminator 

Off7, MBP, and variant genes for experiments measuring PPI affinity by thermal 

stability shift were originally assembled from oligonucleotides as linear constructs.  Each 

of these constructs contained a pre- and post-ORF sequence that allow protein 

expression in cell-free expression system or, when cloned into a plasmid (as was done 

here), functioned well for expression from cell culture as described in Materials and 

Methods.  Pre- and post-ORF sequences are shown here with restriction sites (EcoRI and 

HindIII) used for cloning of linear PCR amplified genes into compatible sites in the 

polylinker region of pUC19 using standard cloning techniques.  T7 polymerase 

promoter and terminator sites, and the ribosomal binding site (RBS) are highlighted: 

 

pre-ORF sequence (adapted from Roche RTS E. coli Linear Template Generation Set): 

GCAGTGAATTCCGGTCACGCTTGGGACTGCCATAGGCTGGCCCGGTGATGCCGGCCACGATGCGTCCGGCG

TAGAGGATCGAGATCTCGATCCCGCGAAATTAATACGACTCACTATAGGGAGACCACAACGGTTTCCCTCT

AGAAATAATTTTGTTTAACTTTAAGAAGGAGATATACC 

 

 

post-ORF sequence (adapted from Roche RTS E. coli Linear Template Generation Set): 

TGAAAGGGCGATATCCAGCACACTGGCGGCCGTTACTAGTGGATCCGGCTGCTAACAAAGCCCGAAAGGAA

GCTGAGTTGGCTGCTGCCACCGCTGAGCAATAACTAGCATAACCCCTTGGGGCCTCTAAACGGGTCTTGAG

GGGTTTTTTGCTGAAAGGAGGAACTATATCCGGAGCGACTCCCACGGCACGTTGGCAAGCTCGAAGCTTTC

AGC 
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Off7 wt ORF sequence: 

ATGAAACATCATCATCATCATCACGGTGGCAACGATTTAGGTCGGAAATTATTAGAAGCCGCGCGTGCAGGTCAGGACGATGAAGTACG
TATTCTCATGGCCAATGGTGCAGATGTCAATGCCGCGGACAACACAGGGACCACCCCGCTGCACCTGGCAGCTTACTCAGGTCATCTGG
AAATCGTTGAAGTGCTTCTCAAACATGGTGCCGATGTAGACGCCAGTGACGTATTTGGCTATACGCCATTGCACTTAGCGGCCTATTGG
GGCCATTTAGAGATTGTGGAAGTGTTACTCAAAAACGGTGCCGATGTGAACGCGATGGATAGTGACGGCATGACGCCACTGCATTTAGC
GGCAAAGTGGGGTTACCTGGAAATCGTAGAAGTGCTCCTGAAACACGGTGCGGATGTAAACGCACAGGATAAATTTGGCAAGACCGCAT
TTGACATTTCTATTGATAACGGCAACGAAGATCTGGCAGAAATTCTGCAAAAATTGAATGGTGGTAGTGATTATAAAGATGATGATGAT
AAATAA 

 

MBP wt ORF sequence: 

ATGAAACATCATCATCATCATCACGGGGGTAATAAAACTGAAGAAGGTAAACTGGTAATATGGATAAATGGTGATAAAGGTTATAATGG
ACTAGCAGAAGTAGGTAAAAAATTCGAGAAGGACACCGGCATCAAAGTGACCGTAGAACATCCGGACAAACTGGAGGAGAAATTCCCAC
AAGTAGCAGCAACTGGCGACGGTCCTGACATCATATTCTGGGCACATGATCGCTTCGGCGGATACGCACAATCTGGCTTACTGGCAGAA
ATTACCCCGGACAAAGCCTTCCAGGATAAACTGTACCCGTTCACATGGGACGCAGTGAGATACAACGGCAAACTGATCGCCTATCCAAT
CGCAGTTGAAGCGCTGTCCCTGATCTACAACAAAGACCTGCTGCCTAATCCGCCGAAAACGTGGGAAGAAATTCCGGCCCTGGATAAAG
AGCTGAAAGCGAAAGGCAAATCCGCGCTGATGTTCAACCTTCAGGAACCGTACTTCACGTGGCCACTTATTGCAGCAGATGGCGGATAC
GCATTCAAGTACGAGAACGGCAAGTACGACATCAAAGACGTCGGAGTAGACAACGCAGGTGCAAAAGCTGGCTTAACCTTCCTGGTGGA
CCTGATCAAAAACAAGCACATGAACGCCGATACCGATTACAGCATCGCAGAAGCCGCATTCAACAAAGGCGAAACCGCCATGACCATTA
ATGGACCATGGGCCTGGAGCAACATAGACACCAGCAAAGTCAACTATGGCGTAACCGTACTGCCAACCTTCAAAGGCCAACCGAGCAAA
CCATTCGTAGGCGTACTGTCAGCAGGTATTAACGCAGCAAGCCCGAACAAAGAACTGGCCAAAGAGTTCCTCGAGAACTACCTGCTTAC
AGATGAAGGCCTTGAAGCCGTGAACAAAGATAAACCGCTGGGTGCAGTAGCGCTGAAATCCTACGAAGAAGAACTGGCGAAAGATCCGC
GTATTGCAGCAACCATGGAAAACGCGCAGAAAGGCGAAATCATGCCGAACATTCCACAGATGTCCGCATTCTGGTACGCAGTTCGCACC
GCCGTTATTAATGCAGCATCAGGTCGCCAGACAGTAGATGAAGCCCTGAAAGATGCACAGACTGGTAGTGGTGGTACACCAGGAAGACC
AGCAGCAAAACTGAACGGTGGCTCTTATCCATACGATGTACCTGATTATGCATAA 

 

Alanine mutants replace the appropriate ORF codon with ‘GCG’ 

3.8.2 96-Well Protein Purification from Autoinducing Cultures 

Plasmids were transformed into Promega KRX cells (Promega L3002) in 96 well 

format (heat shock at 42°C was carried out in a 96-well PCR machine) then plated on 

ampicillin-containing agar plates.  Colonies were picked and used to innoculate 6mL 

each of Studier autoinduction media [119] containing 0.1% rhamnose in 96 well growth 

format.  After 24hr growth at 37°C, cells were pelleted then resuspended and lysed in 

300µL BugBuster (Novagen 71456).  After lysis, cell debris were pelleted and the 

supernatant decanted and incubated for 30 min at 4°C with His-binding Gel (Sigma 

P6611, 100µL of the  50% slurry for Off7 variants or 200µL for MBP variants) with gentle 
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shaking.  To wash, resin was resuspended in cold wash buffer (50mM Sodium 

Phosphate,300mM NaCl,7.5mM imidazole,pH=7.5) for 1 minute with gentle mixing, 

then spun down and the supernatant decanted off by multi-channel vacuum using 

narrow-orifice gel-loading tips.  This wash procedure was repeated five times.  Protein 

was then eluted off the resin by incubating in 100µL elution buffer (50mM Sodium 

Phosphate,300mM NaCl,300mM imidazole,pH=7.8) for 30 minutes at 4°C with gentle 

shaking.  Protein eluate was then exchanged into assay buffer (25mM Potassium 

Phosphate, 140mM KCl, pH 7.5) in a 96 well desalting plate (Pierce 89807). This high-

throughput protein purification procedure routinely yields 75-300µM protein at 100µL 

scale for Off7 and MBP variants.  All assays reported in this chapter were performed in 

this assay buffer with 20x SO unless otherwise stated.
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4 A Completely in-vitro ELISA Assay for Protein-Protein 
Interactions 

Recently, both in the context of characterizing entire interaction networks [5, 53] 

and in protein design, the need for increased throughput in the characterization of 

protein-protein interactions has become more urgent.  Genes encoding many 

recombinant proteins, mutant variations, and novel designed proteins can be fabricated 

rapidly, in parallel [56-59].  Accordingly, it has become less desirable to characterize the 

biophysical properties of each gene product through assays that require conventional-

scale expression and purification.  This trend has led to the development of binding 

assays that directly integrate cell-free expression of binding partners [63, 65].  Such 

integration increases the speed with which assays can be conducted, the degree to which 

they can be parallelized, and enables a dramatic reduction of scale [63, 64]. 

I have developed a completely in vitro ELISA for protein-protein interactions 

where cell-free expression and binding are combined into a rapid, single step assay.  In 

this assay, antibodies and reporter enzymes are diluted directly into the cell-free 

expression reaction and form a reporter complex in situ that provides feedback on 

binding immediately after binding partners are expressed; no exogenous purification is 

required.  With the increasing use and availability of in vitro expression systems, this 

method is becoming feasible to implement and is amenable to automation.  Starting 

from DNA encoding protein partners, binding data may be obtained in just a few hours. 



 

77 

Compared to assays that require protein purification and serial binding and 

washing steps, assays incorporating in situ protein expression have tremendous 

advantages in speed, throughput, and the ability to detect more transient interactions.  

However, such assays also require careful consideration of the dynamics of binding and 

stoichiometry that occur when multiple members of a reporter complex are 

simultaneously present in solution.  Here, I present a mathematical model of these 

dynamics and use it to describe experimental procedures for optimizing experimental 

conditions to report on binding.  This approach can serve as a model for the 

development and optimization of similar in vitro assays, including those executed on the 

microfluidic scale. 

4.1 Assay Overview 

The assay is designed such that one protein partner (bait) is bound by antibodies 

immobilized on a multiwall plate and the other partner (prey) is bound by enzyme-

conjugated antibodies diluted directly into the cell-free expression reaction.  As the bait 

and prey are coexpressed in vitro the immobilized enzyme-linked reporter complex is 

formed in situ (see fig 4.1).  Immediately following in vitro expression the plate is washed 

and substrate added.  The enzymatic activity of the reporter complex reports on binding. 
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Figure 4.1: Scheme for measuring protein-protein interactions by integrating in vitro 
protein expression with ELISA-based detection.  (left) DNA encoding both protein 
partners is added to an in vitro expression system together with antibodies that 
mediate immobilization and detection via affinity tags (AP, alkaline phosphatase).  
(right) If the protein partners bind, they form the reporter complex in situ, thereby 
integrating expression and detection into one reaction (pNPP, para-nitrophenyl 
phosphate; pNP, para-nitrophenol) 

4.2 Detection of Transient Interactions 

Many traditional ELISAs function by sequentially adding each member of the 

reporting complex and washing off any unbound material in between.  This typically 

results in hours of post-binding incubations during which members of the reporter 

complex may disassociate.  Traditional ELISAs are effective if the off-rates of the high-

affinity antibody-antigen interactions that mediate reporting are slow relative to these 

incubation times.  If the affinity of an interaction in the reporter complex is unknown, a 
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situation that occurs frequently in protein design experiments where low-affinity 

interactions with poor off rates may be of interest, it is advantageous to minimize the 

lengths of all post-binding washes.  In the coexpression ELISA described here, there is 

only one quick series of washes immediately after the combined expression and binding 

step.  This single wash step is systematically performed using an automated plate 

washer in only a few seconds. Using this method, transient protein complexes with 

relatively fast off rates can be detected. 

4.3 A Mathematical Model of Binding And Stoichiometry 

The formation of a multimeric assembly such as the reporter complex described 

here depends on the affinity and concentration of all members that form the immobilized 

complex.  These dynamics should be explicitly considered in any assay where multiple 

binding partners are present in solution and form an immobilized reporter complex [63, 

65]. 

Here I develop an equilibrium model of the concentration and affinity dynamics 

of the formation of this enzyme-linked complex (fig. 4.1).  There are three equilibria we 

consider: binding of the first protein partner (m) to receptors on the plate (`), ` � m ⇌
`m, binding of m to the other protein partner (o), m � o ⇌ mo, and binding of o to the 

reporter molecule (Q), o � Q ⇌ oQ.  When combined, these equilibria form a complex 

network of interactions.  A general model of this network would have to consider 

allostery as well as the effects of immobilization on the solid phase.  For example, there 
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may be differences in the affinity of m for o, m for oQ, `m for o, and `m for oQ.  

However, here I neglect allosteric effects and assume all states of a protein bind all states 

of a partner with equal affinity, allowing complex formation to be expressed in a single 

closed-form expression  This assumption seems reasonable in this case because binding 

to soluble affinity tags distant from the binding site can reasonably be expected to have 

minimal allosteric effects, and also because this model is only used to gain qualitative 

insights on signal dynamics, and not to fit biophysical parameters to experimental data.  

All bracketed immobilized species below refer to the activity, or effective concentration, 

of the given number of moles of immobilized molecules in the given volume of solution. 

The output signal of the assay is obtained by observing the progress of the 

reaction catalyzed by the reporter enzyme to obtain the initial rate, which is proportional 

to the amount of Q (enzyme) present when the plate is read.  Q in any form other than 

the full immobilized reporter sandwich (`moQ) will be washed away before reading the 

plate neglecting nonspecific background.  Therefore, the signal (initial rate) will be 

directly proportional to the amount of `moQ formed. 

To model the amount of the fully immobilized reporter sandwich, �`moQ�, in 

terms of equilibrium constants and total concentrations we define the following sums: 

�`� � �`� � �`m� � �`mo� � �`moQ�        4.1 

�m� � �m� � �`m� � �mo� � �`mo� � �moQ� � �`moQ�     4.2 

�o� � �o� � �mo� � �`mo� � �oQ� � �moQ� � �`moQ�     4.3 
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�Q� � �Q� � �oQ� � �moQ� � �`moQ�       4.4 

where �`� , �m� , �o� , and �Q�  are the total concentrations of the `, m, o, and Q 

components respectively. 

It is convenient to describe �`moQ� in terms of the total concentration of the bait 

protein �m� , because the latter is an experimentally known quantity.  The amount of m 

bound to the plate is the total concentration of m times the fraction bound to the plate: 

�`m� � �m� 0 fraction mbound to plate3         4.5 

Now, assuming a constant fraction of m is bound by o regardless of whether it is free or 

immobilized, 

�`mo� � �m� 0 fraction mbound to plate3 0 fraction mbound by o3       4.6 

and similarly for the fraction of o bound by Q, 

signal � �`moQ� � �m� 0 fraction mbound to plate3 0 fraction mbound by o3 0 fraction o bound by Q3   4.7 

As discussed above, the signal (initial rate) is proportional to the total amount of enzyme 

left immobilized on the plate after washing (�`moQ�).  Using equation 4.7, the relative 

signal can then be expressed in terms of concentrations: 

signal � �m� *�b ���b ¡���b ¡I�� �% , *� ¡���b ¡��� ¡I���b ¡I�� �% , *�¡I��� ¡I���b ¡I��¡�% ,  4.8 

If we define dissociation constants in the following way: 

��b"  � *	� ��� ¡��� ¡I�
	�b�
�b ���b ¡���b ¡I� ,         4.9 

�� "¡ � * 	� ���b �
	�¡���¡I�
� ¡���b ¡��� ¡I���b ¡I�,        4.10 
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��¡"I � *	�¡��� ¡���b ¡�
	�I�
�¡I��� ¡I���b ¡I� ,         4.11 

where �� "b, �� "¡, and ��¡"I are the dissociation constants for their respective 

superscripted partners, equation 4.8 can be rewritten as: 

signal �  

�c� �%�¡�% 5�`� � �m� � ��b"  � h	�`� � �m� � ��b" 
c � 4�m� �`� 6  

       5�o� � �m� � �� "¡ � h	�o� � �m� � �� "¡
c � 4�m� �o� 6   

5�Q� � �o� � ��¡"I � h	�Q� � �o� � ��¡"I
c � 4�o� �Q� 6  4.12 

This closed form equation simultaneously describes all three stoichiometric binding 

equilibria, and can be used to simulate the output of the assay, especially in the context 

of qualitative evaluation of the response of the system to varying concentrations and 

affinities. 

Analysis with this model reveals that the maximum signal is obtained at a 

particular coordinate on concentration axes of the partner proteins (fig 4.2). 
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Figure 4.2: Binding simulation using equation 4.12.  The amount of reporter complex 
formed (£¤¥¦), which determines the signal reporting on binding, is optimized at a 
particular point on axes of total partner protein concentrations.  £¤¥¦ conentration is 
normalized and reported between 0 (white) and 1 (black)  Parameters for the 
simulation were: �£�§, 50 nM; �¦�§, 7 nM; ¨©£"¤, 0.1 nM; ¨©¤"¥, 4.4 nM; ¨©¥"¦, 1 nM. 

Note that low signal is observed not only at low concentrations, but also at high 

concentrations where stoichiometric ratios are produced that result in competition for 

reporter between bound and free species.  Unless concentrations are in the appropriate 

regime, unproductive, albeit high-affinity complexes in various combinations (e.g. oQ, 

moQ) will be formed that result in reporter enzyme being washed away.  It is therefore 

essential that the design of such a coincubation or coexpression assay ensure that 

partner concentrations are optimized to the appropriate range to report on binding. 
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4.4 Experimental Case Study: Maltose Binding Protein and a 
Synthetic Ankyrin Repeat Protein 

The interaction between the synthetically engineered ankyrin repeat protein, 

Off7, and E. coli maltose binding protein (MBP) was used as an experimental test case 

[30].  This interaction is an ideal test case for this assay because the interaction is high-

affinity and both proteins are produced in soluble, functional form at high concentration 

in E. coli-based expression systems.  

4.4.1 Assay Optimization for Wild-Type MBP and Off7 

In the assay presented here, proteins to be assayed are produced on a “just-in-

time” basis, not expressed and quantified beforehand.  Therefore, the final concentration 

of the binding partners is determined by the expression levels of the protein partners, 

which can be modulated by many factors, including DNA concentration.  By systematic 

variation of the concentration of DNA encoding the binding partners, protein 

concentration is empirically optimized to report on binding. 

An empirical DNA concentration optimization was performed for the Off7/MBP 

interaction (fig 4.3). 



 

Figure 4.3: Experimental optimization of DNA concentration to maximize the signal 
reporting on binding.  Plasmid DNA encoding both Off7wt and MBPwt 
diluted from a maximum concentration of 5
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The signal observed for a 1:3 
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DNA concentrations corresponding to the observed signal maximum were 60 pg/µL for 
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in control experiments that leave out DNA e

both at this concentration (fig 4.4).
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Experimental optimization of DNA concentration to maximize the signal 
.  Plasmid DNA encoding both Off7wt and MBPwt 

maximum concentration of 5 ng/μL each.  The assay procedure was 
 in the materials and methods. 

The signal observed for a 1:3 serial dilution grid of the DNA concentration of each 

binding partner is qualitatively similar to the simulation results (fig 4.2).

DNA concentrations corresponding to the observed signal maximum were 60 pg/µL for 

An excellent signal-to-noise ratio reporting on binding is observed 

in control experiments that leave out DNA encoding one partner, the other partner, or 

both at this concentration (fig 4.4). 

Alanine Scan of the Off7/MBP Interface 

demonstrate the utility of this method for rapid, high-throughput, and semi

several residues in the interface of both Off7 and MBP

mutated to alanine and assayed.  Interface mutations are expected to exhibit a range of 
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ncoding one partner, the other partner, or 

throughput, and semi-

Off7 and MBP were 

Interface mutations are expected to exhibit a range of 

affinities on mutation, with many mutations minimally perturbing affinity, and some 
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“hotspot” residues being highly detrimental to binding on mutation [22].  This pattern is 

observed for mutant Off7/MBP interfaces assayed by coexpression ELISA (fig. 4.4). 

Binding data for all mutants were obtained in a single experiment.

 

Figure 4.4: Alanine scan of the Off7/MBP interface.  Pairs are labeled as “Off7 
variant/MBP variant.”  Binding controls show excellent signal to noise for negative 
controls that leave out DNA encoding one or both partners (positions 2-4).  Residue 
numbering is from the crystal structure of the complex (PDBID: 1SVX).  Error bars are 
from three experimental replicates.  All assays were performed with DNA input 
concentrations optimized on the wild-type pair (60 pg/μL). 

4.5 Discussion 

Any assay with multiple members of the reporter complex present in binding 

equilibrium will have a similar dependence of signal on both the affinity and 

concentration of all members.  Modeling this process provides qualitative 

understanding of signal dynamics with affinity and concentration and can guide 

strategies for the development of experimental protocols. 
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4.6 Materials and Methods 

4.6.1 Genetic Constructs 

Protein-coding gene sequences were engineered as described in section 3.8.1 

such that Off7 was tagged with a FLAG [120] and MBP with an HA affinity tag [121].  

Anti-HA antibodies were immobilized on the plate and alkaline phosphatase-conjugated 

anti-FLAG antibodies used for detection.  Adding such affinity tags to proteins to be 

assayed is a somewhat universal assay strategy for assaying recombinant, engineered 

proteins.  However, strategies involving other affinity reagents such as antibodies 

specific for untagged proteins of interest are expected to perform similarly. 

4.6.2 Assay Protocol 

4.6.2.1 Immobilizing Anti-HA on the ELISA Plate 

A goat anti-rabbit antibody-coated 96 well ELISA plate (Pierce 15135) was 

washed three times with 200µL tris-buffered saline (TBS, 20mM Tris, 140 mM NaCl, pH 

7.4) in an automated plate washer (BioTek ELx50).  Rabbit anti-HA antibody (Sigma 

H6908) was then diluted 1:500 in StartingBlock (Pierce 37543) and 100µL was added to 

each well of the plate.  The plate was incubated at room temperature for 45 min with 

shaking sufficient to create a shallow vortex in each well (625 rpm) to immobilized the 

antibody and block nonspecific binding sites.  The plate was then washed three times 

with 200µL TBS in the plate washer. 
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4.6.2.2 DNA Concentration 

DNA encoding two protein partners to be assayed were added to each well of 

the plate.  An optimized DNA concentration of 60 pg/µL was used for both Off7 and 

MBP variants.. 

4.6.2.3 E. coli Lysate-Based in vitro Protein Expression 

Methods for the in-house production of a cell-free E. coli lysate-based protein 

expression system were adapted from protocols published by James Swartz and 

coworkers [122].  Both cell lysate (containing ribosomes, T7 RNA polymerase, initiation, 

elongation, and termination factors, etc.) and master mix (containing nucleotides, amino 

acids, E. coli tRNAs, and a phosphoenol pyruvate energy regeneration system) were 

prepared as laboratory reagents using protocols that are publicly available [118, 123].  

These two components of the expression system were stored at -80°C. 

 To set up the assay, lysate and master mix were thawed and combined, and 

alkaline phosphatase—conjugated anti-FLAG antibody (anti-FLAG-AP, Sigma A9469) 

was diluted directly into this reaction mix.  Reaction mix was added to the DNA in each 

well for a final reaction volume of 100µL and final anti-FLAG-AP dilution of 1:500.  

Wells were well mixed then covered with an air-permeable membrane (Qiagen 19571) 

and incubated at 30°C with shaking for 4.5 hours to allow expression and binding. 
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4.6.2.4 Washing and Detection of Binding 

After the combined expression and binding incubation, the plate was washed 

five times with 200µL TBS in each well with the automated plate washer.  Following 

washes, 100µL of p-nitrophenyl phosphate (pNPP) substrate (Sigma P7998) was quickly 

added to each well and product formation was immediately monitored by absorbance at 

405nm.  Several points in the linear portion at the beginning of the product formation 

curve were fit by linear regression and the slope (initial rate) reported.
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5 Analysis of a Small, High-Affinity Synthetic Interface 

Protein-protein interactions play central roles in biological systems [4, 5].  

Structural, mutagenic and bioinformatic analysis has begun to elucidate the principles 

that govern formation of specific, high-affinity permanent or transient interactions [13-

20, 22, 23, 29, 31, 124-127].  As in all biomolecular interactions, affinity in protein-protein 

interfaces (PPIs) arises from hydrophobic, electrostatic, and hydrogen-bonding 

contributions [48-51].  A critical feature of PPIs is that mutagenesis of residues in highly 

localized clusters that span an interface results in catastrophic loss of affinity, whereas 

changes in residues outside such clusters do not [13, 22].  This organization of an 

interface into “hotspots” is different from the encoding of protein stability, which is 

distributed throughout the structure such that single-residue mutations rarely result in 

drastic losses [52].  Encoding of PPI affinities by hotspots has a number of important 

consequences.  First, small interfaces can have high affinity [28, 29].  Second, transient 

interactions of a protein with multiple, distinct partners tend to bind to the same surface 

regions and may involve a common hotspot [17, 18, 22].  Third, inhibitors that disrupt 

PPIs tend to bind at hotspots [11].  Understanding of the circumstances that lead to the 

formation of hotspots is therefore critical for prediction of PPIs, engineering of interface 

specificity, design of novel assemblies [9] or the discovery of therapeutics that disrupt 

PPIs [11, 12]. 
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Despite the importance of hotspots in PPIs, their genesis is not well understood.  

Hotspots, as defined experimentally by loss-of-interaction mutagenesis [13, 22], tend to 

be found in regions of the interface from which water is excluded, are enriched for a 

subset of amino acids [23], and are highly conserved between homologues [24-26].  

Hotspot residues are resistant to mutagenesis such that even apparently conservative 

substitutions can be detrimental [27].  Interfaces can have multiple hotspots which are 

arranged into energetically independent domains, within which residues interact 

cooperatively [128].  This cooperativity, reduced alphabet, and intolerance to mutations 

suggests that hotspots may involve highly specific, tuned interactions analogous to 

catalytic groups in enzyme active sites.  In this view, hotspots are comprised of two or 

more residues forming a cooperative, multi-residue cluster that is assembled only in the 

complex.  In such an arrangement, interactions within the fully assembled hotspot can 

be tuned to be more favorable in the complex than on the solvated surfaces of each 

partner.  For instance, upon complex formation a hydrogen bond could be made strong 

in the complex relative to solvent interactions based on its geometry and environment 

[129].  In this model, synergistic interactions are key to the formation of hotspots. 

Here we report the analysis of a small high-affinity interface formed by the 

interaction between maltose binding protein (MBP) and a synthetically evolved ankyrin 

repeat protein (Off7) [30].  Experimental identification of hotspots requires identification 

of groups of interacting residues that are resistant to mutagenesis.  We used single-
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residue alanine-scanning and conservative mutagenesis in combination with multi-

residue sequence changes (of 4-9 residues) generated by structure-based computational 

design [130].  We find that this PPI is formed around a single hotspot comprised of a 

tyrosine and tryptophan residues on Off7 and a histidine on MBP.  Substitution of 

tyrosine with phenylalanine shows that a single hydrogen bond across the interface is 

critical for binding.  Other residues in the hotspot also do not tolerate conservative 

mutagenesis.  However, residues in the interface outside this hotspot tolerate 

conservative mutagenesis individually or, in combination with others, can be replaced 

with different sequences.  Additionally, an aspartate that was not initially identified to 

participate in the interface forms an intramolecular hydrogen bond to this critical 

histidine and also contributes strongly to affinity.  Together with the histidine and 

tyrosine, this residue forms a hydrogen bonding network that resembles a catalytic triad 

found in the active sites of some hydrolytic enzymes.  Analysis of the protein database 

by structural bioinformatics shows that, although rare, this motif is present also in other 

naturally evolved PPIs. 

We present a case in which a hotspot is analogous to a known catalytic motif 

comprised of only a few residue types that interact with well-defined geometries.  This 

enabled us to identify other instances of such a motif in PPIs.  This finding raises the 

intriguing possibility that the reduced alphabet of residues that occur in hotspots [23] 

encodes other recognizable motifs. 
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5.1 Results 

The interface between the synthetically evolved ankyrin repeat protein Off7 and 

E. coli maltose binding protein (MBP) is among the smallest observed for globular 

proteins (611 Å2), yet has high affinity (Kd = 4.4nM at 25°C) [30].  Based on the change in 

static solvent accessible surface area on complex formation as calculated from the 

structure (ΔSASA), 17 and 14 residues were identified to participate in formation of the 

interface on the surface of Off7 and MBP respectively (fig. 5.1C). 

 

Figure 5.1: Structures of the Off7/MBP complex [30].  (A) Relative orientation of Off7 
(brown) and MBP (gray) in complex (PDBID: 1SVX).  (B) 19 interface residues (12 
Off7, cyan; 7 MBP, green) interact and were selected for initial alanine scanning 
mutagenesis.  (C) The two surfaces that form the small interface between Off7 and 
MBP (yellow, residues with ΔSASA > 1.0Å2). 

Of these, we selected by inspection 12 Off7 and 7 MBP residues for mutagenesis, 

which have sidechains that interact with the partner protein (fig. 5.1B).  Binding between 
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wild-type and mutant variants was assayed by two high-throughput methods: an 

ELISA-based method using in vitro expressed protein for semi-quantitative analysis of 

affinity (see chapter 4), and binding-induced shift in protein thermal stability to obtain 

free energies of binding (fig. 5.2) (see chapter 3). 

 

Figure 5.2: Experimental methodologies used for experimental analysis of protein-
protein interfaces.  (A)  ELISA-based measurements using proteins expressed in vitro 
by coupled transcription and translation (TnT) of DNA encoding expression 
constructs (chapter 4).  Added antibodies mediate immobilization of alkaline 
phosphatase (AP) only if Off7 and MBP bind to each other.   Initial rate of AP activity 
(gray bars) is shown for reactions in which DNA for both partners, only Off7, only 
MBP, and no DNA are added respectively.  (B)  Binding-induced shift in protein 
thermal stability (chapter 2-3) [115].  Protein denaturation is monitored by the 
temperature-dependent increase in fluorescence emission intensity by Sypro Orange, 
a dye that interacts preferentially with the denatured state; §ªvalues correspond to 
the minimum of the first derivative of the data as shown (dotted lines).  The §ª 
values of MBP (blue) and Off7 (red) differ by more than 25°C.  In the presence of 
Off7, the  §ª of MBP increases (green arrow) by 7.1°C (black line; inset). 

Two of the characteristics of residues that contribute to the formation of a 

cooperative module that constitutes a hotspot are that their sequences are conserved and 

that even conservative substitutions are detrimental.  Rather than relying on single-

residue alanine mutagenesis, we therefore identify residues that are individually 
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resistant to conservative mutagenesis and in combination cannot be replaced by other 

sequences.   

We first conducted alanine scanning mutagenesis to identify individual residues 

that are insensitive to such a drastic perturbation (fig. 5.3A), thereby eliminating those 

that cannot be part of a hotspot. 

 

Figure 5.3: Alanine-scanning (A) and conservative mutagenesis of residues in the 
Off7/MBP interface, comparing ELISA results (gray bars, left ordinate) and binding-
induced §ª shifts (black bars, right ordinate).  Mutations (Off7/MBP), change in 
affinity (ΔΔGb, kcal/mol at 51°C) and estimated error from data fit (one standard 
deviation, in parentheses) [115] are given on the abscissa.  Conservative mutagenesis 
indicates that positions DOff777 (B), FOff779 (C), and KMBP202 (D) are tolerant of change 
(blue surface residues), whereas YOff789 (E), WOff790 (F), HMBP203 (G) are intolerant (red 
surface residues). 
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For six of the alanine mutants that showed large losses in affinity, we next used 

conservative mutagenesis to identify those residues that are intolerant of small changes.  

For three of these residues, conservative sequence diversity was relatively well tolerated, 

with several mutations retaining significant binding (fig. 5.3B-D).  In contrast, YOff789, 

WOff790, and HMBP203 were intolerant to mutation (fig 5.3E-G).  These three residues 

directly interact with each other, with YOff789 and HMBP203 forming a hydrogen bond 

across the interface.  The participation of tyrosine offers a rare opportunity to probe the 

importance of this hydrogen bond by deletion of a single oxygen in a phenylalanine 

mutant [108, 131].  Comparison of the YOff789F mutant, which abolishes binding, to the 

effects of the loss of other interfacial, tyrosine-mediated hydrogen bonds which are 

significantly less detrimental (fig. 5.4A), shows that the strength of such interactions can 

be quite diverse and that the YOff789- HMBP203 hydrogen bond is relatively strong. 

Similarly, HMBP203 mutants indicate the importance of this interaction.  Neither 

the phenylalanine mutant, a steric analogue, nor asparagine nor glutamine mutants, 

which provide hydrogen-bonding donor or acceptor interactions approximately 

analogous to Nδ or Nε respectively, showed significant binding when substituted at 

position HMBP203 (fig. 5.3G).  The YOff789-HMBP203 interaction is shielded from solvent by 

WOff790.  Together with WOff7123, WOff790 also creates a highly aromatic environment for 

this hydrogen bond.  However, neither solvent exclusion nor aromaticity are likely to 

account for the critical nature of WOff790 by themselves (fig. 5.3F): the aliphatic chains of 
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WOff790M and WOff790R are expected to exclude water, but neither mutant is functional; 

WOff790F was not tolerated, while weak but significant binding was observed for 

WOff790Y.  Taken together, these results show that HMBP203, YOff789, and WOff790 form a 

hotspot with interactions that are highly tuned to set up a strong hydrogen bond. 

 

 

Figure 5.4: Mutagenesis of identical residue types at different positions.  (A) In Off7, 
conservative tyrosine to phenylalanine mutations result in drastic loss of binding at 
position 89, but not at other interfacial residues.  All four mutated tyrosine hydroxyls 
participate in hydrogen bonds across the interface.  (B) Conservative mutagenesis of 
DMBP136 which forms a second hydrogen bond with HMBP203 in the hotspot.  The 
effects of other aspartate mutations in the interface, DOff7110 and DOff7112, are shown 
for comparison. 

Next, we tested sequence conservation patterns of residues in combination by 

mutating small patches of 4-9 interfacial residues , using structure-based sequence 

design tools [130].  Most of these initially selected patches included the YOff789, HMBP203, 

WOff790 hotspot (see section 5.3.2 for sequences).  None out of 31 such patches showed 

significant binding (fig. 5.5A). 
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Figure 5.5: Simultaneous mutation of several interfacial residues in localized patches.  
Candidate sequences were determined by structure-based computational sequence 
redesign [130].  (A) 31 attempts to repack local patches containing any of the residues 
YOff789, WOff790, or HMBP203 were unsuccessful (sequences are given in section 5.3.2).  
Patches of 4-10 residues are overlaid on the structure such that the color intensity 
(green) of mutated positions indicates the number of times it was mutated (yellow, 
unmutated interface residues).  (B, C) Two out of four patches that did not contain 
mutations in YOff789, WOff790, and HMBP203 (red) retained significant binding: (B) S16 
(seven residues mutated, green). (C) S32 (four residues mutated, green).  (D) A radical 
redesign (c5.1) of the Off7/MBP interface in which 12 residues (green) were mutated 
surrounding the unmutated YOff789, WOff790, HMBP203 hotspot (red), yielding a new, 
specific pair.  Cross-reactivity between mutant and wild-type partners was measured 
to assess specificity.  The thermal unfolding transitions of the Off7c5.1 and MBPwt 
pair overlap, precluding analysis by thermal stability shift (however, ELISA data is 
shown and indicates negligible binding.). 
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However, out of four additional patches1 which excluded the putative hotspot 

but included residues that individually are sensitive to alanine mutagenesis, two patches  

(containing four and seven residues) showed significant binding (fig. 5.5B,C).  These 

results suggest that the YOff789, HMBP203, WOff790 hotspot residues are much more 

resistant to change than residues outside this putative hotspot.  We therefore tested 

whether we could leave the critical hotspot unmutated, and change the majority of the 

interfacial residues outside the hotspot as one unit,.  Out of 25 radical redesigns 

examined (mutating 8-15 residues), we identified a 12-residue mutant that exhibited 

significant binding resulting in a new specific pair (fig. 5.5D).  Taken together, these 

results are consistent with an interface containing a single hotspot formed by YOff789, 

HMBP203, and WOff790. 

Inspection of the structure of the complex revealed that HMBP203 makes a second 

hydrogen bond with DMBP136.   Alanine and conservative mutagenesis both indicate that 

DMBP136 contributes significantly to binding (fig. 5.4B).  Residues YOff789, HMBP203, and 

DMBP136 form a potentially tautomeric hydrogen bonding chain (fig. 5.6). 

                                                      

1An additional two patches that did not contain mutations in Y89, W90, or H203 were tested that showed a 
response in the ELISA-based assay but no partner-dependent thermal stability shift.  We postulate that these 
designs bind plastic; they are not considered further in our analysis. 
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Figure 5.6: YOff789, HMBP203, and DMBP136 form a tautomeric hydrogen-bonding chain 
reminiscent of a catalytic triad.  The distribution of hydrogen-bonding donors, 
acceptors, and charges is in equilibrium according to the local electrostatic 
environment, which affects the «¨¬ value of ionizable groups. 

In the active sites of some hydrolases, analogous hydrogen-bonding chains form 

an important motif, the catalytic triad.  This catalytic motif utilizes a very limited 

alphabet, often Ser-His-Asp [132] or Ser-His-Glu [133]. Additionally, similar Tyr-His-

Asp catalytic triads containing have been observed in electron transport mechanisms 

[134].  We examined the protein database (accessed spring 2010) to determine whether 

other, naturally evolved protein-protein interfaces also contain Tyr-His-(Asp,Glu) 

hydrogen bonding chains reaching across interfaces.  Although rare, we found 37 

instances (including Off7/MBP) of this particular interaction.  One example involves a 

very similar chain reaching across the interface of a nitrolase homodimer (fig. 5.7C). 
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Figure 5.7: Tyr-His-Asp hydrogen bonding chains in different contexts. (A) YOff789-
HMBP203-DMBP136 hotspot in the interface between Off7 (brown) and MBP (gray) 
(PDBID: 1SVX) [30].  (B) Y169-H172-D267 catalytic triad in the active site of TMADH 
(PDBID: 1DJN) [134].  (C) Y260-H115-D148 in the homodimeric interface between 
subunits (brown, gray) of PH0642, a nitrilase homologue from Pyrococcus horikoshii 
(PDBID: 1J31) [134]. 

The residues in this interfacial hydrogen-bonding chain are highly conserved across 

homologues in the same superfamily [135], meeting one of the key criteria by which 

potential hotspots can be identified.  The experimental results for Off7/MBP together 

with this bioinformatic analysis therefore strongly suggest that interactions resembling 

catalytic triads can constitute a hotspot-forming motif. 
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5.2 Discussion 

The mechanisms that govern formation of specific, non-obligate interfaces 

between proteins solve a formidable thermodynamic challenge: the surfaces that form 

interfaces between protein partners have to be stable not only in aqueous, solvated states 

by themselves, but also must favor formation of largely desolvated states in complexes.  

An understanding of the mechanisms by which this difficult feat is achieved is 

beginning to emerge.  Central to the model is the observation that protein-protein 

interfaces (PPIs) involve “hotspots,” small groups of cooperatively interacting, 

neighboring residues encoding strong interactions across an interface [22].  This 

arrangement is reminiscent of the specialized interactions between catalytically active 

residues in enzyme active sites, and distinct from the encoding of protein stability, 

which is distributed throughout a structure [52].  The composition, geometry, and 

environment of residues in an interface is specific to the assembled protein complex.  

Consequently, any interfacial hydrogen-bonding interactions, which are tunable by their 

geometry and environment [129], form into cooperative modules [14] only in the 

complex and can have enhanced strengths relative to isolated protein partners in an 

aqueous environment. 

The experimental observations reported here for the Off7/MBP interaction are 

consistent with this model.  We identify hotspots experimentally as clusters of 

neighboring residues that suffer drastic losses in affinity upon single-residue, 
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conservative mutagenesis (fig. 3), and that cannot be replaced as a group with other 

residues (fig. 5).  By this definition, the Off7/MBP interface contains only a single 

hotspot, the YOff789-WOff790-HMBP203 cluster.  We are able to produce either conservative 

mutants or locally repacked interfaces that show significant affinity at all other residue 

positions, including some that drastically lose affinity on mutation to alanine.  This 

hotspot configuration is comprised of residues contributed by both partners, and is 

therefore only formed upon assembly.  Comparison of the replacement of tyrosine with 

phenylalanine for residues that form cross-interface hydrogen bonds reveals that the 

interaction strength of a key functional group in the hotspot is tuned to be relatively 

strong (fig. 4A).  The sequence of the residues outside the hotspot can be changed 

drastically, resulting in a new Off7/MBP pair with distinct specificity (fig. 5D).  This 

observation suggests that although residues outside the hotspot do not contribute strong 

interactions, they do encode specificity.  This effect is presumably largely the 

consequence of steric and electrostatic complementarity, where lack of complementarity 

results in loss of interaction.  In contrast, we propose that the formation of the hotspot 

encodes the gain of high affinity.  This situation is reminiscent of enzyme superfamilies 

where catalytic mechanism is preserved, and substrate recognition diversified [136, 137]. 

Bioinformatic analysis indicates that hotspots are enriched for a subset of residue 

types [23], raising the possibility that a finite number of motifs could encode hotspots.  

The Off7/MBP hotspot contains a Tyr-His-Asp configuration which, although rare, is 
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also seen in other interfaces (fig. 7).  In the case encountered here, a potential motif was 

identified through analogy with well-known catalytically active examples, and is readily 

defined by residue composition and interaction geometry, enabling identification of 

other cases by straightforward bioinformatics searches. Although general attempts at 

machine-learned definition of features that define hotspots so far have only been 

moderately successful [138-141], there are other candidates for possible motifs.  For 

instance, cation-π interactions have been observed in PPIs [142]; these interactions form 

only upon interface assembly, and have potentially tunable interaction strengths [143].  

Perhaps most intriguing are experimental studies of interfaces constructed with highly 

reduced alphabets, which have shown that tyrosine has a great propensity for building 

interfaces [20].  Several of the unique properties of tyrosine have been explored as the 

reason for this predisposition [20]; we add to them the possibility that tyrosine-mediated 

hydrogen bonds may participate in hotspot configurations that tune their strength due 

to geometry and to the electron-withdrawing properties of the phenolic ring on the pKa 

of the phenolic hydroxyl, which are influenced by coulombic, and π-stacking 

interactions [129].  However, as the experimental results of this study have 

demonstrated, not every interfacial tyrosine participates in hotspots.  Investigation of the 

degree to which interaction strengths can be locally tuned may lead to new and 

improved methods for hotspot identification in known structures, and for the 

manipulation of protein-protein interfaces by protein engineering and inhibitors. 
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Redesign of PPIs by replacement of interface modules through “transplantation” 

of compatible residue configurations from native protein structures found with 

structural bioinformatics has already been demonstrated [15].  The identification of high-

affinty hotspot configurations such as Y89-H203-D136-W90 may allow the construction 

of a “toolbox” of high-affinity structural modules for protein interface design.  In this 

approach to ab initio protein design, the first step would be to identify orientations of 

one protein relative to the other such that such that the geometry of a local hotspot 

configuration is satisfied, then build up the surrounding interface.  This type of docking 

based on local interactions instead of global complementarity is consistent with the 

observation that some surface patches on proteins are intrinsically “sticky”, and that 

binding interactions to the same surface patch tend to produce interfaces with the same 

hotspot residues.  A challenge with this approach is that (analogous to enzyme design 

efforts) though geometric configurations are straightforward to define, identify, and 

transplant, the context that is critical to function are not, e.g. local electrostatic 

environment and dynamics.  Nevertheless, I hypothesize that successful development of 

methods that will enable practical, rational design of PPIs will focus on understanding 

the requirements for the formation of hotspots and the degree to which they are 

modular. 
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5.3 Materials and Methods 

5.3.1 Mutant construction and protein expression 

Off7 and MBP variants were assembled from oligonucleotides using liquid-

handling automation tools into full-length genes [56], including T7 transcriptional 

control elements, a ribosomal binding site, and restriction sites for cloning.  The wild-

type Off7 open reading frame DNA was optimized computationally for expression [118] 

and minimization of direct sequence repeats to facilitate PCR-mediated assembly 

(sequence available in section 3.8.1).  Full-length genes were cloned into pUC19 as 

described section 3.8.1.  Some point mutations were introduced by QuickChange 

(Agilent 210519).  Protein was prepared either by conventional fermentation in E. coli 

followed by high-throughput batch affinity purification (section 3.8.2) [115], or by in 

vitro coupled transcription and translation (TnT) in E. coli extracts (section 4.6.2.3) [118]. 

5.3.2 Mutant sequences 

Table 5.1: Mutations in Off7/MBP variant pairs for computationally repacked patches 
not containing YOff789, WOff790, nor HMBP203.  Two of these four redesigns exhibited 
binding both by ELISA and thermal stability shift, as indicated (fig. 5.5). 

MBP gene name MBP Mutations Off7 gene name Off7 Mutations binding? 
(see fig. 5.5) 

MBP.21.14114.0.o 
D197M,K200W, 
N201A 

Off7.21.14114.0.o 
F79G,Y81A,D110R, 
D112Q,M114Q 

no 

MBP.21.14114.0.a 
D197E,K200W, 
V196Y 

Off7.21.14114.0.a 
F79G,Y81K,D110R, 
D112Q,M114Q 

no 

MBP.16.12720.0.o K200Y,N201W Off7.16.12720.0.o 
F79G,Y81A,D110R, 
D112Q,M114Q 

yes 
“S16” 

MBP.32.11255.0.o K140F,K202Y Off7.32.D11255.0.o R23Q,Y56R 
yes 

“S32” 
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Table 5.2: Mutations in Off7/MBP variant pairs for computationally repacked patches 
containing YOff789, WOff790, or HMBP203. None of these 31 redesigns exhibited binding 
by ELISA nor thermal stability shift. 

MBP gene name MBP Mutations Off7 gene name Off7 Mutations 
MBP.17.8470.7.ov N201W,H203V Off7.17.8470.7.o Y81F,Y89R,L119F,K122S,W123Q 
MBP.17.8470.7.oy N201W,H203Y Off7.17.8470.7.a Y81F,Y89R,L119F,K122Q, W123Q 
MBP.29.12304.0.of N201R,H203V Off7.29.12304.0.o Y89W,K122A 
MBP.31.17645.0.oy N201Y,H203Y Off7.31.17645.0.o Y89R,Y81L 
MBP.27.14790.0.ov N201R,H203V Off7.27.14790.0.o Y81L,Y89F,D110A,L119Y 
MBP.27.14790.0.of N201R,H203F Off7.27.14790.0.o Y81L,Y89F,D110A,L119Y  
MBP.21.16176.0.ov N201Y,H203V Off7.21.16176.0.o Y81L,Y89G,L119R 
MBP.21.16176.0.of N201Y,H203F Off7.21.16176.0.a Y81Q,Y89S,L119R 
MBP.27.14790.9.ol N201R,H203L Off7.27.14790.9.o Y81L,Y89F,D110A,L119Y 
MBP.27.14790.9.of N201R,H203F Off7.27.14790.9.a Y81Q,Y89F,L119Y 
MBP.32.16070.0.ov N201R,H203V Off7.32.16070.0.o Y81L,L119M,K122S,W123Q 
MBP.32.16070.0.of N201R,H203F Off7.32.16070.0.a K122S,W123Q 
MBP.32.16070.0.ov N201R,H203V Off7.32.16070.0.b K122E,W123Q 
MBP.31.17645.4.ov D197L,N201Y,H203V Off7.31.17645.4.o Y81L,Y89R,W123F  
MBP.31.17645.4.oe D197L,N201Y,H203E Off7.31.17645.4.a Y81F,Y89R,L119Q 
MBP.31.17645.4.of D197L,N201Y,H203F Off7.31.17645.4.a Y81F,Y89R,L119Q  
MBP.31.17645.4.oy D197L,N201Y,H203Y Off7.31.17645.4.a Y81F,Y89R,L119Q 
MBP.8.2410.0.ov N201K,H203V Off7.8.2410.0.o Y81L,Y89W,L119F,W123Q 
MBP.8.2410.0.oy N201K,H203Y Off7.8.2410.0.a Y89W,K122E,W123Q 
MBP.32.413.0.ov N201K,H203V Off7.32.413.0.o Y81L,L119F,K122S,W123Q 
MBP.32.413.0.ov N201K,H203V Off7.32.413.0.a Y81L,L119Q,K122Q,W123Q 
MBP.10.670.0.of N201K,H203F Off7.10.670.0.o Y81L,H85S,Y89F,M114L,L1 19Y 
MBP.10.670.0.ov N201K,H203V Off7.10.670.0.o Y81L,H85S,Y89F,M114L,L119Y 
MBP.10.670.0.av D197W,N201K,H203V Off7.10.670.0.a Y81L,H85S,Y89F,M1 14E,L119Y 
MBP.10.670.0.af D197W,N201K,H203F Off7.10.248.0.o Y81L,H85S,M114L,L119Y,W123Q 
MBP.10.1.0.o D136S,H203R Off7.10.1.0.o Y89D,W90E,W123Y 
MBP.10.1.0.a H203R Off7.10.1.0.o Y89D,W90E,W123Y 
MBP.10.1.0.a H203R Off7.10.3.0.o Y89D,W90M,W123Y 
MBP.10.1.0.a H203R Off7.10.3.0.a Y89D,W90Q,W123Y 
MBP.10.2.0.o N201W,H203R Off7.10.2.0.o Y89L,W90E,W123Y 
MBP.10.2.0.a D136S,N201W,H203R Off7.10.2.0.o Y89L,W90E,W123Y 

 

A radical redesign of the Off7/MBP interface (designated “c5.1”) mutated 12 interfacial 

residues, not including Y89, H203, W90, nor D136, resulting in a new specific pair (fig. 

5.5).  Mutations in the c5.1 mutant pair are: 

MBP.c5.1: K137R,D197W,K200R,N201W,K202N 

off7.c5.1: T48Q,D77S,F79W,Y81H,L86M,D110Q,D112W 
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The full nucleotide sequences of the c5.1 mutant genes is given here: 

MBP.c5.1: 

ATGAAACATCATCATCATCATCACGGGGGTAATAAAACTGAAGAAGGTAAACTGGTAATATGGATAAATGGTGATAAAGGTTATAATGG
ACTAGCAGAAGTAGGTAAAAAATTCGAGAAGGACACCGGCATCAAAGTGACCGTAGAACATCCGGACAAACTGGAGGAGAAATTCCCAC
AAGTAGCAGCAACTGGCGACGGTCCTGACATCATATTCTGGGCACATGATCGCTTCGGCGGATACGCACAATCTGGCTTACTGGCAGAA
ATTACCCCGGACAAAGCCTTCCAGGATAAACTGTACCCGTTCACATGGGACGCAGTGAGATACAACGGCAAACTGATCGCCTATCCAAT
CGCAGTTGAAGCGCTGTCCCTGATCTACAACAAAGACCTGCTGCCTAATCCGCCGAAAACGTGGGAAGAAATTCCGGCCCTGGATCGCG
AGCTGAAAGCGAAAGGCAAATCCGCGCTGATGTTCAACCTTCAGGAACCGTACTTCACGTGGCCACTTATTGCAGCAGATGGCGGATAC
GCATTCAAGTACGAGAACGGCAAGTACGACATCAAAGACGTCGGAGTAGACAACGCAGGTGCAAAAGCTGGCTTAACCTTCCTGGTGTG
GCTGATCCGCTGGAACCACATGAACGCCGATACCGATTACAGCATCGCAGAAGCCGCATTCAACAAAGGCGAAACCGCCATGACCATTA
ATGGACCATGGGCCTGGAGCAACATAGACACCAGCAAAGTCAACTATGGCGTAACCGTACTGCCAACCTTCAAAGGCCAACCGAGCAAA
CCATTCGTAGGCGTACTGTCAGCAGGTATTAACGCAGCAAGCCCGAACAAAGAACTGGCCAAAGAGTTCCTCGAGAACTACCTGCTTAC
AGATGAAGGCCTTGAAGCCGTGAACAAAGATAAACCGCTGGGTGCAGTAGCGCTGAAATCCTACGAAGAAGAACTGGCGAAAGATCCGC
GTATTGCAGCAACCATGGAAAACGCGCAGAAAGGCGAAATCATGCCGAACATTCCACAGATGTCCGCATTCTGGTACGCAGTTCGCACC
GCCGTTATTAATGCAGCATCAGGTCGCCAGACAGTAGATGAAGCCCTGAAAGATGCACAGACTGGTAGTGGTGGTACACCAGGAAGACC
AGCAGCAAAACTGAACGGTGGCTCTTATCCATACGATGTACCTGATTATGCATAA 

 

Off7.c5.1: 

ATGAAACATCATCATCATCATCACGGTGGCAACGATTTAGGTCGGAAATTATTAGAAGCCGCGCGTGCAGGTCAGGACGATGAAGTACG
TATTCTCATGGCCAATGGTGCAGATGTCAATGCCGCGGACAACACAGGGCAGACCCCGCTGCACCTGGCAGCTTACTCAGGTCATCTGG
AAATCGTTGAAGTGCTTCTCAAACATGGTGCCGATGTAGACGCCAGTAGCGTATGGGGCCATACGCCATTGCACATGGCGGCCTATTGG
GGCCATTTAGAGATTGTGGAAGTGTTACTCAAAAACGGTGCCGATGTGAACGCGATGCAGAGTTGGGGCATGACGCCACTGCATTTAGC
GGCAAAGTGGGGTTACCTGGAAATCGTAGAAGTGCTCCTGAAACACGGTGCGGATGTAAACGCACAGGATAAATTTGGCAAGACCGCAT
TTGACATTTCTATTGATAACGGCAACGAAGATCTGGCAGAAATTCTGCAAAAATTGAATGGTGGTAGTGATTATAAAGATGATGATGAT
AAATAA 

 

See section 3.8.1 for a description of the flanking expression control sequences, plasmid 

vector, and cloning strategy used with these gene constructs. 

5.3.3 Protein-protein interaction assays 

An ELISA-based, high-throughput method was used for rapid, semi-quantitative 

assessment of binding.  Plasmids or autonomous linear expression constructs assembled 

from synthetic oligonucleotides separately encoding both protein partners were added 

to a TnT extracts together with antibodies that form an immobilized enzyme-linked 

reporter sandwich only if the two proteins bind each other in a clear multiwell assay 

plate as described in chapter 4.  Following incubation at 30°C for 4.5 hours, the plate was 
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washed, leaving behind the immobilized enzyme-linked complex that reports on 

binding.  pNPP substrate for the alkaline phosphatase reporter enzyme was added, and 

the amount of immobilized complex experimentally determined by the initial rate of 

product formation monitored at 405nm (fig. 5.2A). 

Binding-induced thermal stability shifts were used for quantitative 

determination of affinities as described in chapter 3.  The �� values of MBP and Off7 are 

separated by more than 25°C enabling increases in the thermal stability of the lower-

melting partner MBP in the presence of Off7 to be clearly observed (fig. 5.2B).  The 

magnitude of such shifts in  �� values is dependent on the affinity of the interaction [61, 

67, 68].  Protein thermal unfolding is monitored with the extrinsic dye Sypro Orange in 

an RT-PCR instrument using small amounts of protein [61, 62, 77].  Binding free energies 

are extracted from the linkage between stability and binding using a thermodynamic 

model [115].  In this methodology, binding free energies are determined from unfolding 

data collected at the observed �� values.  Changes in free energies of binding (ΔΔGb) 

between mutants are given at the �� value of apo-MBP (51°C) [115]. 

5.3.4 Computational sequence redesign 

Sequences for multi-residue patches were identified using a structure-based 

sidechain repacking algorithm [130], which is similar to other approaches [144].  To 

minimize combinatorial complexity, rotamer libraries of different sampling densities 

[130] were used at different positions as determined by inspection.  A subset of 
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sequences were selected from high-scoring solutions.  Mutant sequences are available in 

section 5.3.2. 

5.3.5 Structural bioinformatics searches for Tyr-His-(Asp,Glu) triads 

Custom software was developed to identify hydrogen bonds between tyrosine, 

histidine, and aspartate or glutamate across interfaces.  Hydrogen bonds were defined 

by distance and geometric constraints set up using curvilinear coordinate systems [145] 

whose origins and axes were constructed locally for each functional group.  The tyrosine 

hydroxyl and the carboxyl oxygen were required to independently bind to either Nε or 

Nδ of histidine.  Histidine ring flips were required to identify the appropriate hydrogen-

bonding pattern in 16% of stuctures, including Off7/MBP (PDBID: 1SVX).  All entries 

from the Protein Data Bank [146] (accessed spring 2010) with 2.3 Å resolution or better 

were examined to identify unique examples of tyrosine-containing triads that span 

interfaces
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