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ABSTRACT 

The rational, quantitative design of cooperative receptors and higher-order materials 

By 

Anna Julia Simon 

 

Because the ability to effectively detect and respond to subtle chemical cues is so 

crucial to biological function, evolution has resulted in many diverse, intricate mechanisms 

for the robust, precise sensing of molecular stimuli. The ability to systematically recreate 

such mechanisms in artificial systems would likewise be useful in many biotechnologies, for 

example in biosensors, synthetic biology, and targeted drug delivery. In response, the work I 

present here focuses on the rational, quantitative recreation of biological mechanisms of 

sensing and actuation in artificial biomolecular systems.  

The first aim of my thesis work, detailed in Chapters 2 and 3, centered on the rational 

engineering of allosteric cooperativity into normally non-cooperative artificial receptors. This 

mechanism, which occurs when multiple copies of identical target molecule bind to a 

receptor in an “all-or-nothing” fashion, increases the order of the binding curve, narrowing 

the transition window between bound and unbound, and enhancing the receptors’ sensitivity 

to small changes in target concentration. To achieve this effect requires that the first copy of 

target molecule to bind shift the receptor from a low-affinity to a high-affinity conformation, 

thus increasing its affinity for the binding of subsequent copies of target molecule. Chapter 2 

(published in 2014) centers on proof-of-concept efforts to engineering this mechanism into a 
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particularly simple and well-understood model receptor, a DNA-binding molecular beacon. I 

follow this in Chapter 3 (published in 2014) with the development of a disorder-based 

strategy suitable for the introduction of cooperativity into more complex receptors, including 

even those of unknown structure.  

The second aim of my thesis work, detailed in Chapters 4 and 5 (in preparation for 

submission), focused on the engineering of multicomponent, stimulus-responsive 

biomolecular systems from a different perspective, specifically on the development of a 

quantitative understanding of the physics of stimulus-responsive materials. Materials that 

assemble and dissolve in response to chemical stimuli are ubiquitous in Biology – common 

examples are transport vesicles, viruses, and cell membranes. As with the imitation of 

allosteric cooperativity, the ability to rationally imitate the properties of these materials in an 

artificial, technological context would be useful in many applications. Although there exist 

many successful examples of such artificial, stimulus-responsive materials, design efforts 

thus far have been fairly qualitative, and systematic approaches to systematically control 

their properties do not exist. Part of the reason for this is that the relationship between 

properties such as network architecture and cooperativity, thermodynamic stability and 

molecular and micron scale behavior are not well understood, and there is a lack of simple, 

quantitative techniques for measuring the response of these materials. To address this 

challenge, I developed simple, straightforward techniques to measure the dissolution of a 

model hydrogel simultaneously at both the molecular and micron length scales, which I 

describe in Chapter 4. In Chapter 5, I employed these methods to explore the relationship 

between the thermodynamic stability and response kinetics of a model hydrogel, 

demonstrating the ability to quantitatively control the materials response kinetics using 
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simple strategies previously applied for the quantitative tuning of solution-phase 

biomolecular switches. 
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1. INTRODUCTION 

 

 

1.1 Motivation 

Evolution has resulted in a myriad of strategies to recognize and respond to specific 

molecular stimuli in Biological systems, both simple and complex. The vertebrate immune 

system, for example, can generate antibodies against effectively any protein and many small 

molecules. The recognition of oligonucleotides via hybridization is likewise generalizable to 

the high-specificity, high-affinity detection of any nucleic acid sequence. These observations 

have motivated decades of research aimed at harnessing the power of biological recognition 

in artificial technologies, such as sensors (1-1), “smart,” molecularly responsive surfaces (1-

2) and materials (1-3), synthetic cellular circuits (1-4), and molecular computing (1-5). 

Despite the many positive attributes and successful development of technologies 

based on biological recognition, the artificial biomolecular receptors commonly employed in 

current bioengineering efforts suffer from several potentially substantial limitations. For 

example, most technologies developed to date employ single-site binding, in which one 

receptor binds to one target molecule. The physics of such binding fixes the shape of the 

input-output (concentration-occupancy) curve of these receptors in such a way that prevents 

decisive, coordinated responses to subtle changes in the concentration of effector molecules. 

Natural biosystems, in contrast, often achieve more complex, coordinated behavior via 

mutually interacting, often hierarchically organized networks of receptors and target 
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molecules. The ability to quantitatively imitate these complex interactions would enable the 

construction of more responsive –and likely more effective– biotechnologies, such as 

biosensors that generate a robust output signal in response to a small change in target 

molecule concentration, or drug-delivering materials that efficiently deliver their cargo in 

response to a specific disease-related biomolecule. To date, however, rational methods for 

the design of artificial systems that quantitatively imitate remain largely unexplored. In 

response, my thesis focuses most broadly on the development of strategies for the rational 

design of biomolecular receptors and systems that mimic the more complex (than one 

receptor binding to one target molecule) receptors and hierarchical materials seen in naturally 

occurring systems.  

Consistent with the above-described, overarching goal of my graduate research, the 

first aim of my thesis work, detailed in Chapters 2 and 3, focused on the rational introduction 

of allosteric cooperativity into normally non-cooperative artificial receptors. This 

mechanism, most famously known to underlie hemoglobin’s efficient transport of oxygen, 

occurs when multiple target molecules bind to a receptor in a more-or-less “all or nothing” 

fashion. This increases the order of the binding response, thus enhancing the receptors 

sensitivity to small changes in target molecule concentration. Mechanistically, cooperativity 

arises when the first target molecule to bind to a receptor shifts the receptor from a low-

affinity to a high-affinity conformation, thus increasing affinity for identical target molecules 

to subsequently bind. In Chapter 2 I describe my initial efforts at the rational introduction of 

cooperativity into these using a simple model receptor: DNA-detecting molecular beacons. 

Following this I developed an intrinsic disorder-based strategy by which the thermodynamic 

properties enabling cooperativity could be introduced into structurally more complex 
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receptors, which I describe in Chapter 3. Indeed, the approach I demonstrate is of sufficient 

generality that it can be applied to receptors for which little prior structural information is 

available. 

My second broad aim, which took a different perspective on the engineering of 

biomimetic, multicomponent bioreceptors, focused on the development of a quantitative 

understanding of the physics of stimulus-responsive hydrogels. Materials in which 

multifunctional biomolecular building blocks controllably assemble and dissolve are 

ubiquitous in nature; for example in transport vesicles, viruses, and cell membranes. As with 

the imitation of allosteric cooperativity, the ability to rationally imitate the structural and 

response properties of these materials in an artificial context would be useful in many 

biotechnologies, for example biofuel cells, drug delivery materials, and biosensors. Although 

there successful examples of these artificial, stimulus-responsive materials, design efforts 

thus far have been largely qualitative, and systematics approaches to control the physical and 

response properties – and thus enable the straightforward design of such materials for 

technologies purposes - do not exist. Part of the reason for this is that the relationship 

between properties such as network architecture, affinities and molecular and micron scale 

behavior, and cooperativity between neighboring biomolecular building blocks are not well 

understood, and there is a lack of simple, quantitative techniques for measuring the response 

of these materials. In response, I developed and demonstrated simple, straightforward 

techniques to measure the dissolution of a model hydrogel at the molecular and micron size 

scales simultaneously, which I describe in Chapter 4.. I describe this method in Chapter 4. In 

Chapter 5, I employed these methods to quantitatively characterize the relationship between 

crosslinker affinity and geometry and response kinetics in a model hydrogel, demonstrating 
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the ability to quantitatively control the hydrogel’s response properties using methods 

traditionally applied for the tuning of solution-phase DNA and aptamer switches. 

 

1.2 Cooperativity 

There are many successful examples of technologies that harness biomolecular 

recognition (cite a review here?), but these are typically limited by effective sensitivity. The 

ideal biosensor receptor is one that is highly specific and can robustly respond to very small 

changes in binding targets. A limitation often seen in current biotechnologies is that the 

physics of the single-site binding fixes the shape of the receptors’ input-output curve. 

Specifically, single-site binding produces a hyperbolic binding curve (the “Langmuir 

isotherm”) fixed in width, such that an 81-fold change in target concentration is required to 

shift occupancy from 10% to 90%. This fixed width prevents the receptor from robustly 

responding to small changes in target molecule concentration, which limits their applicability 

in many important applications. The clinically relevant ranges of many drugs, for example, 

are as narrow as 4-fold, rendering it difficult to achieve clinically relevant measurement 

precision using a detection scheme characterized by an 81-fold dynamic range (1-6). 

As this fixed dynamic range is inherent in the physics of single site binding, Nature 

also faces the very real limitations inherent of single-site binding evolution. So challenged, 

evolution has invented a number of mechanisms, including sequestration, amplification 

cascades, receptor co-localization, and homotropic allosteric cooperativity, by which the 

otherwise fixed dynamic range of single-site receptors can be narrowed to optimally respond 

to molecular cues and thus better ensure the survival of an organism. The ubiquity with  
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Figure 1-1. Nature often controls the shape and position of ligand–response curves via 

allostery. (Left) In heterotropic allostery, the binding of one ligand to a receptor increases or 

decreases the affinity with which a second, different ligand binds, shifting the placement of 

the binding curve without altering its shape and thus without altering the width of its useful 

dynamic range (shaded boxes) or, in turn, its sensitivity to small changes in target 

concentration. (Right) In homotropic allostery, in contrast, the binding of one copy of target 

ligand changes the affinity with which additional copies of the same ligand bind, altering 

both the placement and the shape of the binding curve. The latter effect allows the system to 

respond more (positive cooperativity) or less (negative cooperativity) sensitively to changes 

in target ligand concentration. For positive cooperativity, receptor occupancy is a higher 

(than unity) order function of target concentration, with the exponent, nH, being known as the 

Hill coefficient. 

 

which nature employs such mechanisms suggests that they may also be of value in the 

development of improved biotechnologies. Thus motivated, recent years have seen 

significant effort to rationally adapt these mechanisms to the protein and nucleic acid-based 

receptors employed in a number of artificial biotechnologies, with many of the mechanisms 

nature uses to sensitize receptors to small changes in target molecule concentration having 

been exploited to improve the responsiveness of biotechnologies, including molecular (1-7) 

and genetic (1-8) logic gates, ultra-responsive biosensors (1-9), and digital, “all-or-none” 

drug delivery systems (1-10). Allosteric cooperativity, however, which is arguably the 



6 
 

simplest solution to this problem, has seen adaptation to only a handful of small-molecule 

and biopolymer-based receptors whose architectures and mechanisms. Even in these 

successful examples of the introduction of cooperativity into artificial receptors, the 

thermodynamic principles underlying cooperativity have not been quantitatively explored, 

nor are these architectures readily applicable to the quantitative introduction of cooperativity 

into a broad variety of biopolymer receptors. 

 Although allosteric cooperativity is a simple, elegant mechanism, its underlying 

thermodynamics are rather subtle and perhaps non-intuitive. The effect occurs when two or 

more identical ligands bind in an “all or nothing” fashion to a receptor (Figure 1-1). This “all 

or nothing” binding produces a higher order dependence of the binding isotherm on target 

molecule concentration, such that the dependence on the concentration of the target molecule 

is raised to a factor known as the Hill coefficient. For non-cooperative receptors, the Hill 

coefficient is equal to one; for optimally cooperative receptors, the Hill coefficient equals the 

number of binding sites per receptor, corresponding to completely “all or none” behavior. 

The higher order of the binding curve in turn produces a steeper transition from unbound to 

bound receptors, requiring a smaller change in target molecule concentration to produce 

given changes in the fraction of the receptor’s occupancy. Mechanistically, to generate this 

effect subsequent binding events are coupled such that the first target molecule to bind shifts 

the receptor from a low-affinity (or binding incompetent) to a high-affinity conformation, 

such that once an initial target molecule binds, the probability of the second binding is high. 

Although this mechanism is simple and elegant, engineering a receptor with two different 

conformations with different affinities and a target molecule-induced shift between them has 

historically complicated in practice. In fact, Hill-type cooperativity has, arguably, not been 
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introduced rationally and quantitatively into any previously non-cooperative receptor prior to 

my work. 

 

1.3 Previous efforts to rationally introduce allosteric cooperativity 

The above is not to say that the idea of introducing cooperativity into normally non-

cooperative receptors is unprecedented. Indeed, motivated by the obvious value of being able 

to achieve this several groups had previously attempted the effort with some success. These 

prior studies, however, are all rather qualitative and empirical, and none provided a 

thermodynamic or mechanistic framework that could be used to generalize the approach to 

introduce cooperativity into other receptors.  

 The majority of the artificial cooperative receptors designed to date are small organic 

molecules, described in detail in several comprehensive reviews (1-11, 1-12, 1-13). The 

relative simplicity of these molecules enables the direct design of receptor-target interactions 

in which either multiple target molecules directly interact or in which the binding of one 

target molecule fixes the receptor in a conformation that favors a second target molecule 

binding. As an example of the former, Kikuchi et al. (1-14) report the cooperative binding 

complexation of four alkyl glucopyranoside target molecules to an artificial glycoside 

receptor composed of a resorcinol cyclic tetramer in hydrophilic solvent. The geometry of the 

four target complexation sites is such that target molecules complexed to the same tetramer 

shields their hydrophobic tails from solvent, providing a favorable interaction term aside 

from that of simple complexation. An early example of the latter, published in 1985 by 

Rebek Jr et al. (1-15), consisted of a synthetic receptor containing two Hg(CN)2–binding 

crown ether groups connected by a biphenyl skeleton. The idea is that the first Hg(CN)2 



8 
 

target molecule to bind would restrict the conformation of the other crown ether group to a 

either a binding competent or incompetent conformation, thus generating either positive or 

negative cooperativity (1-15). Researchers expanded on this work by developing similar 

receptors to cooperatively bind molecular targets including Hg(II) ions (1-16), Lewis 

oligosaccharides (1-17), fullerene (1-18), and oxocarbon (1-19). A third class of organic 

small molecule receptors cooperatively assemble into multi-molecular complexes in response 

to a target molecule, commonly a metal ion, which mediates interactions between the 

receptors at multiple sites. Here cooperativity arises because the first target molecule to 

coordinate the organic receptors forms intact binding sites for the other target molecules. As 

an example of this, Lehn et al. (1-20) describe tridentate oligobipyridine receptors that 

assemble in the presence of three Cu(I) ions to bridge interactions between the receptors, 

which as expected assemble cooperatively in the presence of Cu(I) with a Hill coefficient 

approaching three. Garret et al. (1-21) reported a similar cooperative assembly of tris-

bipyridine strands in response to Ag(I) ions. Despite multiple successful examples of these 

small organic molecule cooperative receptors, however, none of these studies quantitatively 

explore the thermodynamic principles of underlying cooperativity, nor attempt to tune the 

receptors to achieve explicit control over the dynamic range of binding. 

Substantially fewer examples of more complicated artificial cooperative receptors 

exist, and the majority of these are DNA receptors that employ a metal ion mediated 

assembly mechanism similar to that of the cooperatively assembling organic helix receptors. 

These receptors utilize the ability of Hg(II) and Ag(I) ions coordinate thymine-thymine and 

cytosine-cytosine mismatches, respectively, to form target molecule–inducible base pairs. 

DNA strands containing several of these mismatches will cooperatively assemble or switch  
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Figure 1-2. Previous designs achieved cooperativity, albeit qualitatively in non-generalizable 

systems. (Top) Kwok et al. introduced both positive and negative cooperativity into K
+
-

binding G-quadruplex receptors. Specifically, they engineered two-site receptors that fold 

upon binding target molecule, with varying extents of folding cooperativity of between the 

binding sites. The authors measured high cooperativity in some of their receptors thought to 

contain the strongest favorable interactions between binding sites; receptors G2m2 (blue 

solid circles), G2w1 (green empty circles), and G2w2 (green filled circles) achieved Hill 

coefficients of 2.5 ± 0.4, 2.2 ± 0.3, and 2.7 ± 0.1, respectively. However, these reported 

values are all substantially above the theoretical two-site maximal cooperativity, suggesting 

potential error in their experimental methods or analysis. Adapted from (1-24). (Bottom) 

Dueber et al. introduced cooperativity into protein switches by coupling repeated 

catalytically active N-WASP domains with SH3 inhibitor domains. In response to a SH3-

binding effector molecule that outcompetes N-WASP’s interactions with SH3, the N-WASP 

domain becomes active. Coupling multiple domains enables a cooperative response, with 

receptors A.3.3b and A.5.5b achieving Hill coefficients of 2.7 and 3.9. Adapted from (1-26). 
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into a conformation containing these coordinated mismatches in response to mercury or 

silver ions. Several successful examples of such artificial receptors that cooperatively switch 

or assemble in response to Hg(II) or Ag(I) exist. For example, in 2008 Wang et al. designed 

displacement-based Hg(II) sensors consisting one strand containing a fluorophore and several 

thymines and a weakly complementary adenosine strand containing a fluorophore (1-22). 

Hg(II) ions mediate “base pairs” between the thymine-thymine mismatches and thus displace 

the quencher-containing strand. This receptor achieved a Hill coefficient of 2.4 with five 

Hg(II) binding sites, a modest cooperativity for five binding sites, and no attempts to increase 

or modulate the cooperativity were discussed. Likewise, in 2013 Porchetta et al. developed 

similar, though more complex, multisite Hg(II)- and Ag(I)-binding receptors with affinity 

modulated by secondary DNA inhibitors and activators (1-23). While the authors 

quantitatively tuned the affinity of the switches using the activator and inhibitor, they did not 

address quantitative aspects or optimize the extent of target-binding cooperativity.  

 The engineering of artificial cooperative biomolecular receptors whose target 

molecules bind with mechanisms more complicated than simple coordination-mediated 

assembly is considerably more difficult than the above, and we are aware of only two such 

examples in the literature prior to my work (Figure 1-2). One of these, published by Kwok et 

al. in 2012, reports the engineering of DNA G-quadruplex receptors that fold to bind two or 

three potassium ions with either positive or negative cooperativity (1-24). The authors’ 

strategy to achieve this was to tune the stability of the singly bound, partially folded 

intermediates by tuning the increasing the number of and length between successive guanine-

rich G-quadruplex forming stretches. Although the concept of tuning the stability of partially 

bound conformations to tune cooperativity is perhaps generalizable, in practice controlling 
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the stability of such intermediates is not generalizable to many other classes of receptors. 

Moreover, the positively cooperative two-site receptors described by the authors achieve Hill 

coefficients above the theoretical maximal value of two, suggesting the interpretation of 

results may be significantly in error. Potentially, the high apparent binding cooperativity 

arose due to the increase in the ionic strength of the solution with increasing K
+
 

concentration. All of the cooperative G-quadruplex receptors binding curves have a Khalf over 

10 mM K
+
, in the range of salt concentration change that may substantially increase 

favorable folding free energy (1-25).  

The other example of the design of non-coordination-based cooperative receptors, 

published by Dueber et al. in 2007, consisted of tandem repeats of catalytic N-WASP 

domains connected to repeated inhibitory SH3 modules (1-26; Figure 1-2, bottom). In the 

absence of SH3-binding target molecule, the SH3 modules block the N-WASP domains. 

Competitively SH3 binding target molecule frees the N-WASP domains, allowing them to be 

catalytically active. An architecture in which five successive SH3 domains are connected to 

five N-WASP domains to five SH3 domains achieves a Hill coefficient of 3.9. Although the 

authors did computationally explore the effects of the strength of SH3/N-WASP interaction 

and the number of connected domains with the extent of cooperativity, it is not clear how the 

thermodynamics or mechanism of this architecture could be generalized to other classes of 

cooperative receptors that do not employ identical inhibitor-competitor geometry.  
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1.4 The rational engineering of allosteric cooperativity I: cooperative molecular beacons 

The aim of the work presented in Chapter 2 (and published in 2014 (1-27))) was the 

quantitative introduction of homotropic allosteric cooperativity into a simple, well-

understood, normally non-cooperative model receptor (Figure 1-3). The receptor we 

employed, the molecular beacon, traditionally consists of a short DNA stem-loop. Target 

DNA complementary to the loop must pay an energetic cost to break the stem. Specifically, 

to imitate cooperativity in artificial systems, we needed to engineer a two-site molecular 

beacon that would switch from predominantly a low-affinity or nonbinding state with no 

target molecule bound, to a high affinity state with one target molecule bound, which would 

then increase the affinity for a second target molecule to bind. In other terms, the first target 

molecule to bind must pay an energetic cost to switch the receptor’s conformation from high 

to low affinity.  

 There are several challenges associated with the design of artificial cooperative 

receptors. One is that a high-affinity binding event must occur only (to a good 

approximation) if a lower affinity binding event has already occurred for an identical target 

molecule on the same receptor. Thus, this high-affinity site must only be available after the 

first target molecule is bound. Because the target molecules are identical (unlike in 

heterotropic allostery, in which the target molecules are different), the binding sites cannot be 

optimized separately. Another challenge is to tune the energetic difference between the first 

and second target binding events so that the difference in affinities is great enough to 

generate substantial cooperativity, but that the first binding event is not so unfavorable that 

the target cannot effectively bind at reasonable concentrations. To determine the optimal 
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energetic gap, we calculated that for substantial cooperativity (e.g., reducing the dynamic 

range of binding from 81-fold down to 20-fold) requires that the first binding event be only  

 

Figure 1-3. (Top) As a test bed for our design efforts we use molecular beacons, a 

commonly employed sensor for the detection of specific nucleic acids. Molecular beacons 

consist of a short DNA stem-loop. Complementary target molecule can bind to the loop, 

paying an energetic cost to break the base pairs in the stem. (Middle) In our simplest, 

symmetrical design, we introduced cooperativity into the molecular beacon by introducing a 

second binding site in the loop. The first target molecule to bind breaks the stem, increasing 

the affinity for the second to bind. (Bottom) The traditional molecular beacon is not 

cooperative, binding target molecule with a Hill coefficient within error of one (blue). In 

contrast, our symmetrical cooperative design achieves a Hill coefficient of 1.94 ± 0.17, 

within error of ideal two-site cooperativity. Adapted from (1-27). 
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~6 kJ/mol less favorable than the second, corresponding to a 10-fold difference in binding  

affinities, demonstrating that the engineering of considerable cooperativity is technically 

feasible. For near perfect cooperativity for a two-site receptor (dynamic range below 10-

fold), the difference would have to be ~12-18 kJ/mol, corresponding to a 100-500x 

difference in binding affinities.  

Taking these design rules into consideration, in Chapter 2 of my thesis I describe the 

successful introduction of Hill-type cooperativity into molecular beacons. My first design, 

inspired by the heterotropic allosteric cooperative receptor of Porchetta et al. (1-28), 

consisted of a molecular beacon modified with a second binding site in a long stem. The first 

target molecule to bind to this receptor would partially open the stem, increasing the affinity 

for the second target molecule to bind the site in the loop. The best of these asymmetrical 

architectures achieved a Hill factor of 1.5, decreasing the dynamic range of binding from 81-

fold to 20-fold. To achieve higher cooperativity I designed a symmetrical molecular beacon 

with two binding sites in the loop. The first target molecule to bind completely opens the 

stem, allowing the second target molecule to bind the receptor as easily as it would to single 

stranded DNA. The cooperativity of this architecture is readily tuned by changing the 

stability of the stem, and reaches at best cooperativity within error of perfect two-site 

cooperativity. To confirm the quantitative relationship between binding affinities and 

cooperativity I employed a heterotropic design based on this symmetrical beacon. I directly 

measured the relationship between the energetic difference between the high affinity and low 

affinity states, the first and second binding affinity, and the extent of cooperativity, validating 

the long-held quantitative understanding of the thermodynamics underlying cooperativity.  
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1.5 The rational engineering of allosteric cooperativity II: cooperative high complexity 

receptors 

My first work in this area successfully achieved the introduction of cooperativity into 

a simple model receptor by explicitly designing a high affinity and low affinity conformation 

and the target molecule induced equilibrium between them. The structural complexity of 

most receptors, however, renders this very precise engineering well beyond even state of the 

art biomolecular design efforts. One proposed strategy for evolution to address this 

challenge, theoretically suggested in 2005 (1-29) and demonstrated experimentally in 2013 

(1-30) is to employ multisite, intrinsically disordered receptors that only fold upon binding a 

target molecule. I employed this strategy to introduce cooperativity into receptors more 

complex and less structurally understood than molecular beacon receptors. Specifically, I 

engineered cooperativity into aptamers, DNA sequences that specifically bind small 

molecule and protein receptors (1-31). To do this, I developed a disorder-based architecture 

consisting of a tandem repeat of one half of an aptamer receptor, a variable length linker 

section, and a tandem repeat of the second half of the aptamer receptor (Figure 1-4, top). 

Because the linker is entropically expensive to close, in the absence of target this receptor 

remains unfolded. The first copy of target molecule to bind pays an energetic cost to close 

the loop, increasing the favorability of the second target molecule binding. I applied this 

concept to design three different target molecules with cooperativity in the best of these 

approaching ideal cooperativity (Figure 1-4, bottom). I also developed and verified a 

predictive theory for how cooperativity scales with favorable closing free energy and loop 

closure entropy, enabling the rational tuning of the dynamic range of binding.  
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Figure 1-4. (Top) Our disordered receptor architectures consist of two copies of one half of a 

receptor (red), a variable length, unstructured linker (black), and two copies of the second 

half of the receptor (purple). In the absence of target ligand, the construct exists primarily in 

a disordered state lacking preformed binding sites. This disordered state, however, is in 

equilibrium (equilibrium constant, KS) with the fully folded receptor. The first target 

molecule to bind must overcome the unfavorable free energy associated with forming this 

structure, reducing its affinity compared with that of the preformed aptamer by the factor (1 + 

KS)/KS. The second target molecule binds to a preformed binding site, thus improving its 

affinity relative to that of the first binding event. (Bottom) We have applied our approach to 

engineer cooperativity into three different aptamers, including a doxorubicin-binding 

aptamer, which, although predicted to form a stem loop, is ultimately of unknown structure. 

(Bottom) Constructs using either 30- or 50-base linkers achieve Hill coefficients of 1.88 ± 

0.03 and 1.98 ± 0.04, respectively, corresponding to useful dynamic ranges of 10.4-fold and 

9.2-fold. The Hill coefficient of the parent aptamer, in contrast, is within experimental 

uncertainty of unity. Adapted from (1-31). 
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1.6 Stimulus-responsive hydrogels 

In addition to their importance in ligand binding, cooperativity and multivalency also 

play an important role in the controlled assembly of many biological materials. Indeed, 

virtually all biomaterials form not from a single, monolithic piece, but rather an assembly of 

component biomolecules that interact to form a coherent material with finely tuned 

mechanical, physical, and chemical properties. In many cases, these materials dynamically 

and controllably assemble and dissolve where and when they are needed, for example as cell 

membranes, viral capsids, and transport vesicles. These materials commonly assemble and 

dissolve in a cooperative, all-or-nothing manner, avoiding wasteful or even harmful partially 

formed intermediates. Like artificial receptors, the ability to quantitatively design artificial 

bioinspired, target molecule-responsive biomaterials would be useful in many technologies. 

For example, these materials would be useful in drug delivery systems that dissolve to 

release their cargo in response to molecules such as tumor or infection markers, biosensors 

that form a solid material in response to target molecule.  

Given its modular, controllable structure and ability to respond to molecular stimuli, 

DNA is a natural material for the construction of these responsive hydrogels, and indeed 

many successful examples of responsive DNA hydrogels exist (1-32, 1-33, 1-34, 1-35). The 

majority of this prior work, however, has been rather qualitative, focusing on engineering 

gels with new geometries or responsive to new target molecules, rather than on exploring or 

controlling the relationship between the gel structure, mechanics, or response 

thermodynamics or kinetics. Part of the reason for this is that simple methods for 

quantitatively measuring DNA hydrogel response to target molecules do not exist.  
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 In response, the second broad aim of my thesis work focuses on the development and 

application of simple, quantitative tools for measuring the response kinetics of DNA 

hydrogels. Specifically, by labeling a small fraction of the aptamer crosslinkers with a 

fluorophore-quencher pair, we can quantitatively measure dissolution at the molecular scale. 

By embedding fluorescent beads with a range of micron-scale diameters in the hydrogel, we 

can quantitatively measure dissolution at a range of size scales (based on the size of the 

beads) over time. The use of multichannel imaging to simultaneously visualize the 

fluorescence of the aptamers and the beads enables the simultaneous measurement of the 

response kinetics of the hydrogel at both molecular- and micron-length scales, which allows 

us to probe their relationship. Using these new approaches, I have performed the first 

reported quantitative measurements of the response kinetics of a model target molecule-

responsive DNA hydrogel, significantly improving, as described in Chapter 4, our 

understanding of these potentially important new materials. Finally, in Chapter 5, I employ 

this technique to explore the effect of changing the base-pairing length and geometry of the 

crosslinker on the molecular- and micron- scale kinetics of gel dissolution, a step towards the 

development of design principles for the construction of gels with specifically tuned 

dissolution kinetics and thermodynamics.  

 

1.7 Approaches to the high-precision measurement of hydrogel response kinetics 

To measure dissolution kinetics at the molecular-scale we measure the fluorescent 

output of a small amount of fluorophore-quencher labeled aptamer (Figure 1-5). In our 

model hydrogel, an adenosine-binding aptamer binds to two trivalent Y-DNA “monomers,” 
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which can in turn bind to two other aptamer crosslinkers, forming a coherent network. Thus, 

in the intact gel, the aptamer takes an extended conformation with the fluorophore and 

quencher separated, and thus fluorescent output is high. Upon addition of adenosine, the 

aptamer folds, dissociating from the monomers, bringing the fluorophore and quencher into 

proximity, and reducing fluorescence. By visualizing the intensity of aptamer fluorescence 

with confocal microscopy, we can directly measure the extent of molecular-scale dissolution 

of the gel as a function of time, target molecule concentration, or distance from the surface to 

which the effector is added. Additionally, further analysis of the images of the intensity 

pattern of the confocal images over time gives more qualitative information about the 

mechanism and geometry of dissolution. 

To measure the micron-scale dissolution we employ passive rheology, a simple, 

nondestructive method commonly employed for the measurement of soft materials that relies 

on measuring the thermally-driven mobility of micron-scale particles embedded in the 

material (Figure 1-5). The intact gel network traps embedded particles such that they remain 

more-or-less in place. Upon dissolution the bead mobility increases, first remaining in place 

but moving with slightly more mobility as the network remains intact but becomes softer, 

than transitioning to Brownian diffusion through a viscous liquid. Measuring the mobility of 

the beads, quantified by the mean squared displacement over a given time interval, gives a 

quantitative measurement of the extent of dissolution of the gel at the scale of the bead’s size. 

Employing differently-colored beads and aptamer crosslinker and two-colored confocal 

microscopy enables the simultaneous measurement of the molecular and micron scale 

dissolution kinetics.  
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Figure 1-5. As our model system we employed an adenosine-responsive DNA hydrogel 

modeled on a Y-DNA hydrogel architecture first described by Cheng et al. (1-32). (Top) This 

consists of Y-shaped “monomers” (each consisting of three annealed strands of DNA) with 

pendant, single-stranded arms. These arms are partially complementary to an adenosine-

binding aptamer, which crosslinks the monomers to form a 3-dimensional network. In 

response to binding its specific molecular effector, adenosine, the aptamer dissociates and 

folds, disrupting the hydrogel. (Bottom left) This composite image shows the average signal 

from the aptamer (green channel) and the maximum signal of the beads (red channel) over 20 

frames (~33 s), in an intact hydrogel. The fluorophore-quencher pair appended to ~1% of the 

aptamers is separated, producing high fluorescent output and thus a bright green image. The 

intact network traps the embedded beads so that they remain in place over the time window 

of this composite image. (Bottom right) This composite image shows a gel 25 minutes after 

the addition of 14 mM adenosine over the same time window as left. Upon the addition of 

adenosine, the aptamer dissociates, decreasing the emission of the fluorphore labeled 

aptamers, and thus the aptamer-channel signal substantially decreases. The dissociation of 

the aptamer dissolves the gel network, dramatically increasing bead mobility. 

 

Using this technique, we have measured the effector-induced dissolution of a model 

hydrogel on the molecular and micron scale under a variety of conditions, giving us a 

quantitative understanding of the multiscale dissolution physics of our model gel. 
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Specifically, we demonstrated that both molecular and micron scale dissolution kinetics 

exhibit an initial lag phase followed by an exponential dissolution phase, and that dissolution 

rate depends monotonically on both adenosine concentration and the depth below the surface 

to which we add adenosine (Figure 1-6). Notably, our results also showed substantially faster 

dissolution kinetics at the molecular scale compared to the micron scale, an observation 

supported by previous experiments (1-37) and theory (1-38). Additionally, we compared the 

mobility versus time response kinetics for 0.21 µm, 1.0 µm, and 3.2 µm beads and found that 

the scaled response curves are near identical, suggesting that the gel dissolution response is 

rather uniform above the ~0.21 µm size scale.  

 

1.8 The control of responsive DNA hydrogel dissolution kinetics 

 In the final chapter of my thesis work, I employ the multiscale, time-resolved DNA 

hydrogel measurement technique developed in Chapter 4 to demonstrate the tuning and 

optimization of the kinetics of our model system. A central advantage to the use of DNA and 

aptamers in biotechnologies is that their simple, modular base-pairing rules enable the ready 

tuning and optimization of their thermodynamics and kinetics. That is, the thermodynamics 

and kinetics of DNA switches may be readily optimized by the addition and subtraction of 

base pairs, a strategy that is far simpler than what is involved in tuning the thermodynamics 

and kinetics of other biomolecular (i.e., protein-based) bioengineered systems. While this  

approach is rather straightforward in one-dimensional (i.e., switch or receptor) systems, it has 

not been explored in DNA-based materials.  



22 
 

 In response, my final thesis chapter explores the effect of changing base pairing 

length, geometry, and affinity between crosslinker and monomer on the kinetics of 

responsive DNA hydrogels. Specifically, I have measured the effect of changing the length 

and position with which the Y-DNA monomers bind adenosine aptamer crosslinker on 

dissolution kinetics in the model hydrogel that we explored in Chapter 4. The results 

demonstrate that addition or a subtraction of a single base pair is sufficient to substantially 

change response kinetics, demonstrating that this method is an effective means of controlling 

the response of DNA-based materials.  

 

 

 

Figure 1-6. We have successfully applied our technique to measure the molecular and 

micron scale dissolution of DNA hydrogels over time. Above shows the average response 

kinetics in response to 6 mM adenosine at the molecular scale (red lines) and the 1.0 µm 

diameter bead scale. Both the molecular-scale and micron scale dissolution response curves 

are biphasic, with initial lag phases (for the molecular-scale dissolution, see Figures 4-2 and 

4-5 for plot of the response at earlier time scales that better shows this lag phase) and then 

longer exponential phases. Notably, the micron scale dissolution considerably lags behind the 

molecular scale dissolution, which is consistent with theoretical predictions. 
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1.9 Conclusions 

 Biology has evolved diverse, intricate mechanisms for the effective, robust, and 

decisive response to molecular stimuli, many of which would be of high value in artificial 

biotechnologies. Many of these response mechanisms, for example cooperative ligand 

binding and stimulus-responsive self-assembly, require the finely tuned interplay between 

multiple biomolecular components. The work presented in this thesis centers on the 

systematic, quantitative of some of these multivalent, stimulus-responsive biosystems. The 

design principles developed here will hopefully be useful in the further design and 

technological application of useful responsive switches and materials.  
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2. USING THE POPULATION-SHIFT MECHANISM TO RATIONALLY 

INTRODUCE “HILL-TYPE” COOPERATIVITY INTO A NORMALLY NON-

COOPERATIVE RECEPTOR 

 

 

Allosteric cooperativity, which nature uses to improve the sensitivity with which 

biomolecular receptors respond to small changes in ligand concentration, could likewise be 

of use in improving the responsiveness of artificial biosystems. Thus motivated, we 

demonstrate here the rational design of cooperative molecular beacons, a widely employed 

DNA sensor, using a generalizable population-shift approach in which we engineer receptors 

that equilibrate between a low-affinity state and a high-affinity state exposing two binding 

sites. Doing so we achieve cooperativity within error of ideal behavior, greatly steepening the 

beacon’s binding curve relative to that of the parent receptor. The ability to rationally 

engineer cooperativity should prove useful in applications such as biosensors, synthetic 

biology and “smart” biomaterials, in which improved responsiveness is of value. This work 

was published in 2014 in Angew Chem (2-1). 

 

2.1 Motivation 

The ability to respond sensitively to small changes in a molecular input is critical to 

many biological processes. Such ability allows cells and organisms to react to subtle 

molecular cues and to convert complex input signals into decisive, effectively binary outputs 

(2-2). An enhanced ability to detect small changes in molecular concentration would likely 
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also prove of value in many biotechnologies. The ratio between an effective dose and a toxic 

dose of some drugs, for example, can be as little as 4-fold (2-3) and thus to measure these 

with clinically-relevant precision requires sensors that respond robustly to small changes in 

drug concentration. 

 

Figure 2-1. (a) Allosteric (“Hill-type”) cooperativity provides a means of overcoming the 

81-fold dynamic range of single site receptors (red) to produce steeper, more responsive 

behavior (blue). Cooperativity arises when multiple binding sites interact such that the first 

binding event improves the affinity of subsequent binding events. (b) To design this we 

employ the population-shift mechanism, in which the first binding event is coupled to an 

unfavorable conformational change, reducing its affinity (KD1) relative to that of the second 

binding event (KD2). (c) While maximal cooperativity (dashed lines) is only achieved if the 

second binding event is infinitely more favorable than the first, near-ideal behavior is rapidly 

approached as the relative affinity of the subsequent binding event rises. (d) Even modest 

cooperativity significantly improves sensitivity to small changes in concentration (shown 

here as the relative change in occupancy per two-fold change in target concentration). 

  

 

Driven by the advantages associated with enhanced molecular responsiveness 

evolution has invented a number of mechanisms, including sequestration, amplification 
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cascades, and receptor co-localization, by which the relative insensitivity of single-site 

receptors (e.g., they require an 81-fold concentration change to transition from 10% to 90% 

occupancy) can be overcome (2-2). To date many of these mechanisms have been exploited 

to improve the responsiveness of biotechnologies ranging from molecular (2-4) and genetic 

(2-5) logic gates to ultra-responsive biosensors (2-6, 2-7) and digital, “all-or-none” drug-

delivery systems (2-8, 2-9). Allosteric cooperativity, however, which is arguably the simplest 

solution to this problem (2-10, 2-11) has seen adaptation to only a handful of small-molecule 

(2-12, 2-13) and biopolymer-based receptors (2-14, 2-15, 2-16, 2-17). Here we explore and 

articulate design principles underlying this mechanism by engineering it into a normally non-

cooperative receptor, thus improving its ability to respond to subtle concentration changes. 

 

2.2 Thermodynamic underpinnings of cooperativity 

The occupancy of an allosterically cooperative receptor goes as  

  
[𝑐𝑜𝑚𝑝𝑙𝑒𝑥]

[𝑐𝑜𝑚𝑝𝑙𝑒𝑥]+[𝑓𝑟𝑒𝑒 𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟]
=  

[𝑡𝑎𝑟𝑔𝑒𝑡]𝑛𝐻

[𝑡𝑎𝑟𝑔𝑒𝑡]𝑛𝐻+ 𝐾𝐻𝑎𝑙𝑓

𝑛𝐻                  (2-1) 

where KHalf is the concentration at which half of all binding sites are occupied and nH, the 

“Hill coefficient,” provides a convenient metric of cooperativity: a system is non-cooperative 

at nH = 1, and approaches maximum cooperativity as nH approaches the number of binding 

sites on the receptor (2-18). (Note: here we discuss positive cooperativity, which steepens the 

binding curve. Negative cooperativity, in contrast, broadens the curve; e.g., ref (2-14)). The 

resultant higher order dependence on concentration narrows the range over which a receptor 

transitions from largely unbound to largely bound, increasing the robustness of its response 

to small changes in input (Figure 2-1a). Specifically, the width of a receptor’s dynamic range 
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(defined conventionally as the ratio of the target concentrations at which occupancy is 90% 

and 10%, C90 and C10, respectively) is related to the Hill coefficient by (2-19, 2-20, 2-21) 

   𝐷𝑦𝑛𝑎𝑚𝑖𝑐 𝑅𝑎𝑛𝑔𝑒 =  
𝐶90

𝐶10
=  81

1
𝑛𝐻⁄               (2-2) 

The dynamic range thus collapses from 81-fold for a non-cooperative receptor to just 9-fold 

for a maximally cooperative, two-site analogue, significantly enhancing the extent to which 

receptor occupancy changes with small changes in target concentration.  

Allosteric cooperativity is achieved when the binding of one copy of a target 

molecule improves the affinity with which subsequent copies of the same molecule bind to 

other, distal, sites on the same receptor (Figure 2-1b), changing in turn the shape of the 

binding curve (Figure 2-1a) (2-22, 2-23, 2-24). Cooperativity, also called homotropic 

allostery (all sites bind identical molecules), thus differs from heterotropic allostery (sites 

bind different molecules), which instead alters the placement (i.e., midpoint) of the binding 

curve without changing its underlying shape. While extensive literature exists regarding the 

design of heterotropically allosteric receptors (2-25, 2-26, 2-27), the rational design of 

cooperativity has seen relatively little success (2-12, 2-13, 2-14, 2-15, 2-16, 2-17), perhaps 

because details of the mechanism render its design rather non-intuitive. First, the all-or-

nothing effect of cooperativity requires the creation of systems in which a higher affinity site 

is occupied only after a lower affinity site that binds the same ligand is already filled. 

Second, in contrast to heterotropic allostery, homotropic allostery occurs at binding sites that 

are identical or near identical, and thus it requires perhaps more finesse to alter the affinity of 

one independently of the others. 
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2.3 Design approaches and results 

Given the above arguments our goal is to design multi-site receptors for which the 

affinity of the first binding event is poorer than that of subsequent binding events. To achieve 

this we have employed the population-shift mechanism (see, by analogy, refs (2-16, 2-28)). 

That is, we have designed receptors that interconvert between two conformations, the more 

stable of which is “closed,” exhibiting low affinity for the target, and the less stable of which 

is “open,” exposing multiple high affinity binding sites (Figure 2-1b). The first binding event 

shifts the conformational equilibrium “up-hill” toward the latter, higher affinity state. As 

subsequent binding events need not “pay the cost” associated with this unfavorable 

conformational change, their affinity is enhanced relative to that of the first, producing a 

cooperative response. For the simplest case of a receptor opening to expose two identical 

binding sites, the dissociation constant of the first binding event, KD1, will be higher (i.e., 

poorer affinity) than that of the second, KD2, by the relationship 

         𝐾𝐷1 =  𝐾𝐷2
1+ 𝐾𝑠

𝐾𝑠
        (2-3) 

where KS is the equilibrium constant for the shift between the closed and open 

conformations. The extent of cooperativity, in turn, depends on the ratio of the affinities of 

the binding events by (2-29) 

𝑛𝐻 =  
2

1+ √
𝐾𝐷2

𝐾𝐷1
⁄

               (2-4)
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From this relationship it is apparent that maximum cooperativity (nH equals the total number 

of binding sites) is only achieved when subsequent binding events are infinitely more 

favorable than the first (i.e., KD2 << KD1). Fortunately for our design efforts, however, the  

 

 

Figure 2-2. (Top) As a test bed for our design efforts we use molecular beacons, a commonly 

employed sensor for the detection of specific nucleic acids (2-30, 2-31, 2-32, 2-33). (Middle) 

To introduce cooperativity we added a second binding site contained partially within the 5’ 

strand of the stem and partially within an appended single-stranded tail. Binding to either site 

disrupts the stem, pushing the conformational equilibrium towards the higher affinity state. 

(Bottom) The binding of an unmodified molecular beacon is not cooperative, producing a 

Hill coefficient (nH) and dynamic range within error of the 1 and 81-fold values expected. 

The tailed beacon, in contrast, achieves a Hill coefficient of 1.54±0.10, shrinking the 

dynamic range to 17(±3)-fold. Error estimates here and elsewhere reflect estimated 95% 

confidence intervals. 
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asymptotic approach towards maximal cooperativity (Figure 1c) and, thus, maximum 

responsiveness (Figure 2-1d) is rapid. Specifically, a two-site receptor achieves a Hill 

coefficient of 1.5 when the ratio KD2/KD1 reaches just 0.1 (i.e., when, at 37˚C, the gap 

between the binding events is only 6 kJ/mol). This reduces the receptor’s dynamic range  

 

 

Figure 2-3. Increasing target hybridization lengths monotonically increase cooperativity. 

This most likely occurs because a longer target molecule is able to more completely pay the 

energetic cost to shift the receptor from low-affinity to high-affinity conformations, thus 

achieving an optimally wide gap between the first and second binding affinity. (Top) For the 

asymmetrical beacon the 13-base target achieves a Hill coefficient of 1.40 ± 0.10, while the 

14-base target achieves a Hill coefficient of 1.55 ± 0.10. (Bottom) For the symmetric beacon, 

the Hill coefficient monotonically increases from 1.30 ± 0.08 with an 11-base target to 1.94 ± 

0.17 with a 14-base target. 
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from 81-fold to just 19-fold, significantly increasing sensitivity to small changes in target 

concentration. 

As our design test bed we have employed molecular beacons (2-30), a widely used 

optical (2-31, 2-32) and electrochemical (2-33) sensor for the detection of DNA and RNA. 

Molecular beacons are DNA molecules containing self-complementary ends and modified on 

their termini with an optically reporting fluorophore-quencher pair (Figure 2, top). In the 

absence of target the beacon’s ends hybridize to form a stem-loop that brings its reporters 

into proximity, reducing fluorescence. Hybridization of the loop to a complementary target 

sequence breaks the stem, separating the repofrters and increasing their output. As expected, 

the binding of a “traditional,” molecular beacon is non-cooperative, exhibiting a Hill 

coefficient of 1.02±0.09 and a dynamic range of 74(±22)-fold, values within error of those 

predicted for single-site binding (Figure 2-2, bottom). 

Our first design efforts were inspired by a previous, heterotropically allosteric beacon 

in which the binding of one molecule controls the affinity of a second, different target 

molecule, shifting the midpoint of the binding curve without changing its shape (2-25). This 

consists of a stem-loop containing one binding site in its loop and a second partially within a 

single-stranded tail and partially within the beacon’s double-stranded stem. The binding of a 

target molecule to either the tail or the loop weakens the stem, shifting the beacon’s 

population toward the open, binding-competent conformation and improving the affinity with 

which the second ligand binds. Here we have made the two binding sites identical (Figure 2-

2, middle), rendering the beacon cooperative and producing a steeper, more responsive curve 

than seen for either the parent or the heterotropically allosteric beacon. Against a 14-base 

target, for example, that overlaps with five (of nine) bases in the stem the tailed beacon 
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achieves a Hill coefficient of 1.54±0.10 and, correspondingly, a dynamic range of 17(±3)-

fold (Figure 2-2, bottom). In contrast a 13-base target overlapping with just 4 bases in the 

stem (thus producing a smaller energy gap), produces a Hill coefficient of only 1.40±0.10 

and a dynamic range of 23(±6)-fold (Figure 2-3, top). 

 

Figure 2-4. (Top) Our second design places two target-binding sites within the beacon’s 

single-stranded loop, rendering it possible to stabilize the stem (i.e., increase the energy gap 

between the two binding events) without altering specificity. (Bottom) Using a rather stable 

stem and a 14-base target this achieves a Hill coefficient of 1.94±0.17 and a dynamic range 

of 9.6(±1.6)-fold, within error of ideal behavior. Shorter targets and/or less stable stems 

reduce cooperativity by reducing the energy gap between the first and second binding events 

(Figures 2-4, 2-6). 

 

To achieve performance closer to the theoretical maximum it is necessary to increase 

the energy gap between the first and second binding events (i.e., to decrease KS), which can 

be done by altering the stability (sequence), of the stem (2-28). The stem of the tailed beacon, 
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however, also serves as part of a target-binding site and thus altering it would also change the 

beacon’s specificity. To circumvent this we designed a second, “symmetric” cooperative 

beacon that places two identical binding sites within the single-stranded loop with only minor 

stem overlap with the stem (Figure 2-4, top). Because the persistence length of double-

stranded DNA is long (2-33) the strain associated with the binding of even a single target  

 

 

Figure 2-5. Decreasing the stability of the symmetrical beacon by removing a single GC 

base pair substantially decreases cooperativity, reducing the Hill coefficient achieved by the 

beacon from within error of two to 1.43 ± 0.13.  

 

molecule to this loop destabilizes the stem and shifts the population towards the high-affinity 

conformation, improving the affinity of the second binding event. Furthermore, we can 

“tune” the energy gap between the two dissociation constants by altering the sequence or 

length (and thus stability) of the stem without altering the specificity of the two target 

binding sites. Using a stable six base-pair, GC-rich stem for which KS = 0.0025 at 39°C) this 

construct achieves a Hill coefficient of 1.94±0.17 and a dynamic range of 9.6(±1.6)-fold (for 

a 14-base target), values within error of those expected for a perfectly cooperative two-site 

receptor (Figure 2-4, bottom). Weakening the stem by removing a single GC base pair raises 
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KS to ~0.14, reducing the Hill coefficient to 1.43±0.13, and broadening the dynamic range to 

22(±6)-fold (Figure 2-5). 

 

2.4 Validation of the theoretical underpinnings of cooperativity 

The symmetry of the latter beacon renders it a convenient platform with which to 

dissect the thermodynamics underlying our design. To do so we have explicitly measured 

KD1 and KD2, the affinities of the first and second binding events using a control construct  

identical to the symmetric beacon save that the binding sites differ in sequence (Figure 2-6a). 

This provides a means of verifying equation 4, the theoretical relationship between the Hill 

coefficient and the ratio of binding affinities. For example, plugging the KD1 and KD2 

observed for this control construct (at 39˚C; Figure 2-6b) into equation 3 predicts nH = 1.88, 

which is within the error of the 1.94±0.17 observed for the equivalent symmetric beacon 

under the same conditions (Figure 2-4, bottom). Conducting this experiment over a range of 

temperatures, which alters the conformational equilibrium constant and in turn, KD1, we find 

that, as expected, this relationship holds even as the ratio of affinities varies over orders of 

magnitude. Specifically, as KS decreases monotonically from 0.78 (at 58˚C) to 0.0025 (at 

39˚C) the receptors shift monotonically from effectively single-site behavior to near-perfect 

two-site cooperativity (Figures 2-6c, 2-7). 

2.5 Conclusions 

A number of bioinspired mechanisms have been used to enhance the precision of 

biosensors (2-5, 2-6) and to improve the responsiveness of drug delivery systems (2-8, 2-9),  
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Figure 2-6. (a) The modular structure of our symmetric cooperative beacon allows 

exploration of the thermodynamics underlying its design. To do so we employed a construct 

in which the two ligand binding sites are distinct, allowing independent measurement of KD1 

and KD2. (b) Shown are the affinities (at 39˚C) measured when the other binding site is empty 

(purple), and when it is occupied (blue); note that, the latter occurs on a beacon that is 

already largely open, and thus produces only a fifth of the total signal change. The affinities 

obtained from this control predict nH = 1.88 for our sensor (eq. 2-3), within experimental 

error of the observed value (Figure2- 4). (c) Measuring KD2, KD1 (using the control 

construct), and nH (using the cooperative beacon) over a range of temperatures we find that 

the expected relationship between these values (eq. 2-3) holds even as the ratio of the binding 

affinities varies over orders of magnitude. 

 

synthetic biology “circuits,”(2-5) and molecular logic gates (2-4). To date, however, Hill-

type cooperativity, a simple mechanism by which biology enhances the cell’s ability to sense 

small changes in the concentration of molecular cues (2-2), has seen little use in artificial 

biosystems. In response we have demonstrated here the utility of employing the population-

shift mechanism to rationally introduce cooperativity into molecular beacons, greatly 

increasing the sensitivity with which they respond to subtle changes in molecular 

concentration. We note in closing that the modular structure of molecular beacons may  
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Figure 2-7. Increasing temperature decreases the stability of the symmetrical beacon’s stem 

and in turn the cooperativity. Cooperativity decreases monotonically from 1.94 ± 0.17 at 

39 °C to 1.13 ± 0.07 at 58 °C. 

 

 

render their re-engineering particularly straightforward. We nevertheless believe the design 

strategies described here will prove general. That is, the principles that the population shift 

mechanism provides a ready route to cooperativity, and that the switching equilibrium 

constant need only be of order 0.1 to generate significantly improved responsiveness, will be 

generalizable to other receptors. For example, a large body of literature already demonstrates 

the rational introduction of binding-induced conformational changes into normally static 

biomolecules (2-25, 2-26, 2-27), suggesting that, although design details may differ, 

cooperativity could similarly be introduced into a range of receptors via mechanisms such as, 

for example, binding-induced folding.  
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2.6 Experimental Materials and Methods 

 

Symmetric cooperative molecular beacon targets: 

14-base target: 5’ GTAAGACAGTGAACC 

13-base target: 5’ TAAGACAGTGAAC 

12-base target: 5’AAGACAGTGAAC 

11-base target: 5’AGACAGTGAAC 

 

Control (non-cooperative) two-site molecular beacon: 

5’ (FAM) GGTGGGCTTGAGTCTCTTAGTTCACTGTCTTACCCACC 

 

Control target sequence: 

5’ TAAGAGACTCAAG 

 

We collected all fluorescence measurements using a Cary Eclipse Fluorimeter (Varian) with 

excitation at 485 (± 5) nm and acquisition at 515 (± 5) nm. We performed all measurements 

in 150 mM sodium chloride, 50 mM sodium phosphate buffer pH 7. All measurements were 

conducted at 39˚C unless otherwise noted. We incubated all samples for at least 15 minutes 

with each target concentration at the appropriate temperature prior to taking measurements; 

kinetic traces collected at all target concentrations indicate that this is more than sufficient to 

achieve equilibration. To determine the Hill coefficient, we measured fluorescence at five 

replicate points per titration. We used GraphPad Prism plotting software to fit the traces to 
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the Hill equation. Error bars represent 95% confidence intervals based on standard errors 

derived from the fits. 
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3. INTRINSIC DISORDER AS A GENERALIZABLE STRATEGY FOR THE 

RATIONAL DESIGN OF HIGHLY RESPONSIVE, ALLOSTERICALLY 

COOPERATIVE RECEPTORS 

 

 

Control over the sensitivity with which biomolecular receptors respond to small changes in 

the concentration of their target ligand is critical for the proper function of many cellular 

processes. Such control could likewise be of utility in artificial biotechnologies, such as 

biosensors, genetic logic gates, and "smart" materials, in which highly responsive behavior is 

of value. In nature, the control of molecular responsiveness is often achieved using "Hill-

type" cooperativity, a mechanism in which sequential binding events on a multivalent 

receptor are coupled such that the first enhances the affinity of the next, producing a steep, 

higher-order dependence on target concentration. Here we use an intrinsic-disorder-based 

mechanism that can be implemented without requiring detailed structural knowledge to 

rationally introduce this potentially useful property into several normally non-cooperative 

biomolecules. To do so we fabricate a tandem repeat of the receptor that is destabilized 

(unfolded) via the introduction of a long, unstructured loop. The first binding event requires 

the energetically unfavorable closing of this loop, reducing its affinity relative to that of the 

second binding event, which, in contrast occurs at a preformed site. Using this approach we 

have rationally introduced cooperativity into three unrelated aptamers, achieving in the best 

of these a Hill coefficient experimentally indistinguishable from the theoretically expected 

maximum. The extent of cooperativity, and thus the steepness of the binding transition, are, 
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moreover, well modeled as simple functions of the energetic cost of binding-induced folding, 

illustrating the quantitative nature of this design strategy. This work was published in 2014 in 

Proceedings of the National Academy of Sciences USA (3-1). 

 

3.1 Motivation 

Optimized shape and mid-point of binding curves is critical to the function of many 

cellular processes (3-2). One of the most commonly-evolved strategies for the control of the 

behavior of receptors is allostery, in which the binding of one ligand alters the affinity with 

which subsequent ligands bind. Allostery comes in two “flavors.” Heterotropic allostery, in 

which the two ligands differ, provides a means of shifting the mid-point of a binding curve to 

higher or lower target concentrations without changing the curve’s intrinsically hyperbolic 

shape and thus without altering its sensitivity to small changes in the relative concentration of 

its molecular target (Figure 3-1, left). An example is the binding of bisphosphoglycerate to 

mammalian hemoglobin, which decreases the protein’s affinity for oxygen, thus pushing its 

binding curve to higher concentrations and enhancing oxygen transport efficiency, whilst 

leaving the intrinsic shape of its binding curve unaltered. Homotropic allostery, in contrast, 

occurs when the ligands are the same; that is, when the binding of one copy of a ligand 

changes the affinity with which subsequent copies of the same molecule bind. This 

mechanism, commonly referred to as “cooperativity,” changes not only the placement but 

also the shape of the binding curve, producing either a more responsive, higher-order 

dependence on ligand concentration (positive cooperativity) or a less responsive, lower-order 

dependence (negative cooperativity) (Figure 3-1, right). Like heterotropic allostery, 
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cooperativity is also seen in the function of hemoglobin; the protein uses this mechanism to 

bind four oxygen molecules in a positively cooperative, approximately “all-or-nothing” 

fashion, steepening its binding curve and enhancing its ability to deliver oxygen over the 

rather modest concentration gradient present between the lungs and the peripheral tissues.  

The ubiquity with which nature exploits homotropic and heterotropic allostery has 

motivated efforts to rationally engineer these mechanisms into biomolecular receptors 

normally lacking them, both to test our understanding of the principles underlying these 

effects and to harness them to improve the utility of artificial biotechnologies. The rational 

introduction of heterotropic allostery into otherwise non-allosteric receptors, for example, has 

seen significant prior exploration [e.g., (3-3, 3-4, 3-5, 3-6, 3-7, 3-8, 3-9)], using both 

mechanical coupling [e.g., (3-3, 3-6, 3-7, 3-8, 3-9)] and mutually-exclusive folding [e.g., (3-

4, 3-5)] approaches to successfully introduce this mechanism into a range of protein- and 

nucleic acid-based receptors. The design of allosterically cooperative receptors, in contrast, 

has seen far less success. That is, while a handful of specific examples of rationally designed 

cooperativity have been reported to date (3-10, 3-11, 3-12, 3-13), no general approach has 

previously been reported by which such behavior can be rationally introduced into any 

arbitrarily complex biomolecule. This failure has limited the extent to which cooperativity, 

which could provide a powerful means of improving the ability of artificial biotechnologies 

to respond to small changes in molecular concentration (3-10, 3-14), can be applied in 

applications such as biosensing (3-15, 3-16), “smart” drug delivery materials (3-17, 3-18), 

and molecular (3-19) and genetic (3-20) logic gates, in which such enhanced responsiveness 

would be of value. 
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Figure 3-1. Allostery is a common strategy for the tuning of the shape and position of 

ligand-response curves. (Left) In heterotropic allostery, the binding of one ligand to a 

receptor increases or decreases the affinity with which a second, different ligand binds, 

shifting the placement of the binding curve without altering its shape and thus without 

altering the width of its useful dynamic range (shaded boxes) or, in turn, its sensitivity to 

small changes in target concentration. (Right) In homotropic allostery, in contrast, the 

binding of one copy of target ligand changes the affinity with which additional copies of the 

same ligand bind, altering both the placement and the shape of the binding curve. The latter 

effect allows the system to respond more (positive cooperativity) or less (negative 

cooperativity) sensitively to changes in target ligand concentration. For positive cooperativity 

receptor occupancy is a higher (than unity) order function of target concentration, with the 

exponent, nH, being known as the Hill coefficient. 

 

Two reasons account for why, despite its underlying simplicity and elegance, 

achieving the rational design of positive cooperativity has proven far from straightforward. 

First, to achieve the effect requires the creation of systems in which a higher affinity site is 

occupied only after a lower affinity homotypic site is already filled (which would normally 

be filled only at higher ligand concentrations). This contrasts sharply with heterotropic 

allostery, in which the two binding sites typically exhibit little if any cross-reactivity. Second, 

all of the binding sites of a cooperative receptor recognize copies of the same ligand, 

rendering it more difficult to alter the affinity of one independently of that of the others. This 
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is again in contrast to heterotropic allostery, in which each binding site is chemically distinct, 

allowing each to be independently optimized. Given these difficulties, and given the relative 

infancy of biomolecular design efforts (3-21, 3-22, 3-23), the ability to perform the structure-

based design of cooperativity appears to be beyond current capabilities except for the 

simplest, most well understood receptors (3-10, 3-11, 3-12, 3-13). Here, however, we employ 

an approach to the rational engineering of allosterically cooperative receptors that does not 

require detailed, structure-based design. Indeed, our approach is so simple that it can be 

performed, as demonstrated here, even in the absence of detailed knowledge of the parent 

receptor’s structure. 

 

3.2 Intrinsic disorder and allostery in Biology 

Our design approach is inspired by intrinsically disordered proteins, proteins that are 

normally unfolded and only fold upon binding their target ligand. Specifically, both 

theoretical (3-24) and experimental (3-25, 3-26) studies have demonstrated that the global 

conformation change these proteins undergo upon an initial ligand binding event provides a 

convenient means of pre-organizing a second, distal ligand binding site. This improves the 

affinity of the second binding event (since binding need no longer pay the unfavorable cost 

associated with folding), leading to positive allosteric behavior. Ferreon et al., for example, 

have shown that the intrinsically disordered oncoprotein adenovirus early region 1A (E1A) 

folds upon binding either of its two (different) target ligands (CREB binding protein or 

retinoblastoma protein), thus increasing the affinity with which the second ligand binds and 

rendering the system heterotropically allosteric (3-25). And Standly and co-workers have 
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shown that the partially intrinsically disordered protein STIM 1 exhibits strongly homotropic 

allosteric binding to calcium (3-26). Here we use this same mechanism to rationally 

introduce cooperativity into a number of normally non-cooperative aptamers (DNA-based 

receptors often adopting complex tertiary folds), thus producing steeper, more responsive 

binding curves than those seen for the unmodified parent molecule. 

Positive cooperativity arises when the first binding event on a multisite receptor 

improves the binding affinity of additional copies of the same ligand. Thus, once one copy of 

the ligand is bound the probability of the second binding event becomes high, generating 

effectively “all or none” behavior. The resulting binding curve (3-27) is given by the Hill 

equation: 

𝑅𝑒𝑐𝑒𝑝𝑡𝑜𝑟 𝑠𝑖𝑡𝑒 𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦 �̅� =  
(𝑡𝑎𝑟𝑔𝑒𝑡)𝑛𝐻

(𝑡𝑎𝑟𝑔𝑒𝑡)𝑛𝐻+ (𝐾1/2)
𝑛𝐻   (3-1) 

in which K1/2 is the ligand concentration at which half of the receptor sites are bound, and nH, 

the Hill coefficient, describes the order of the dependence on ligand concentration (Fig. 3-1, 

lower right). For a non-cooperative receptor, in which each copy of the ligand binds 

independently of all others, nH = 1. For an ideally cooperative receptor, in which all of the 

binding sites on any one receptor molecule are simultaneously either fully occupied or fully 

unoccupied, the Hill equation equals the number of binding sites. The Hill coefficient is, in 

turn, related to the useful dynamic range of a receptor (a convenient measure of 

responsiveness that is typically defined as the ratio between the target concentration at which 

occupancy is 90% to that at which it is 10%; C90% and C10%, respectively) by (3-28): 

𝐷𝑦𝑛𝑎𝑚𝑖𝑐 𝑟𝑎𝑛𝑔𝑒 =  
𝐶90%

𝐶10%
=  81

1
𝑛𝐻

⁄      (3-2) 
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From this we see that the useful dynamic range of a non-cooperative receptor (nH = 1) is 

quite broad; such a receptor requires an 81-fold change in target concentration to transition 

from 10% occupancy to 90% occupancy, rendering it relatively insensitive to small changes 

in this input. The dynamic range falls to just 9-fold, however, for an ideally cooperative, two-

site receptor (nH = 2), rendering such a receptor many times more sensitive to small changes 

in target concentration. 

In naturally-occurring receptors the energetic difference between the first and 

subsequent binding events required to generate allosteric cooperativity usually arises due to 

mechanical coupling between the relevant binding sites. That is, structural changes that occur 

upon the first binding event are transduced throughout the receptor in a manner that improves 

affinity at other, distal, sites. In hemoglobin, for example, this occurs when the protein 

undergoes a global conformational switch from a low affinity state that dominates when no 

ligand is bound, to a higher affinity conformation upon the binding of the first oxygen 

molecule (3-29). Here we hypothesize that the requisite global conformational switch can 

also be driven by a mechanism analogous to the binding-induced folding seen for 

intrinsically disordered proteins. That is, via a binding-induced switch from a largely or 

entirely disordered state lacking pre-configured binding sites to a well-defined folded 

conformation exposing multiple, well-structured binding sites (Figure 3-2, Top). In this 

scenario the affinity of a binding site is reduced when its neighboring site is empty because 

the receptor is unfolded and thus binding must pay the cost associated with folding it. 

Equivalently, the affinity of a binding site is enhanced when its neighboring site is already 

occupied. The relative [microscopic –see (3-28, 3-29)] dissociation constants of the two 

binding scenarios (neighboring site open, KD1, and neighboring site occupied, KD2) are then 



51 
 

related to KS, the equilibrium constant for forming the folded conformation in the absence of 

the target ligand, by (3-13): 

𝐾𝐷2

𝐾𝐷1
=

𝐾𝑆

1+ 𝐾𝑆
      (3-3) 

The Hill coefficient, in turn, is related to this ratio by (3-12, 3-27):  

𝑛𝐻 =  
2

1+ √
𝐾𝐷2
𝐾𝐷1

 =  
2

1+ √
𝐾𝑆

1+ 𝐾𝑆

     (3-4) 

From this we see that a folding equilibrium constant of just 0.1, which corresponds to a 

folded state that is unstable in the absence of the target ligand by just 6 kJ/mol (at room 

temperature), is sufficient to achieve nH = 1.5. This, in turn, narrows the receptor’s dynamic 

range by more than a factor of four (Eq. 3-2), significantly enhancing its sensitivity to small 

changes in the concentration of its target ligand (Figure 3-2, bottom). 

 

3.3 Design approaches 

To physically realize such folding-based cooperativity, we have re-engineered several 

normally non-cooperative receptors into constructs comprised of a tandem repeat of one half 

of the receptor connected to a tandem repeat of the second half of the same receptor via an 

unstructured linker (Figure 3-2, top). In the absence of target, the unfavorable entropic cost 

of closing this linker (i.e., of ordering this disordered region) destabilizes the folded, binding-

competent conformation, producing a largely unfolded state lacking structured binding sites. 

The binding of the first copy of the target ligand brings the two halves of the construct into 

apposition, forming both binding sites. The second binding event thus need not pay the 
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unfavorable free energy cost associated with folding, improving its affinity and, in turn, 

producing a cooperative response.  

 

 

Figure 3-2. Our approach to the rational design of cooperativity employs receptor 

architectures that fold upon binding the first target molecule. (Top) Specifically, our receptor 

architectures consists of two copies of one half of a receptor (red), a variable length, 

unstructured linker (black), and two copies of the second half of the receptor (purple). In the 

absence of target ligand, the construct exists primarily in a disordered state lacking pre-

formed binding sites. This disordered state, however, is in equilibrium (equilibrium constant, 

KS) with the fully-folded receptor The first target molecule to bind must overcome the 

unfavorable free energy associated with forming this structure, reducing its affinity compared 

to that of the pre-formed aptamer by the factor (1+KS)/KS. The second target molecule binds 

to pre-formed binding site, thus improving its affinity relative to that of the first binding 

event. (Bottom) The degree of cooperativity, i.e., the Hill coefficient (nH) and the useful 

dynamic range (typically defined as the ratio between the target concentration at which 

occupancy is 90% to that at which it is 10), depend strongly on KS. So much so that an 

equilibrium constant as great as ~0.1 (i.e., receptors that populate their high affinity state to 

the level of ~10% even in the absence of ligand) still produces near-maximum sensitivity to 

small changes in the concentration of the target ligand. 
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3.4 Results 

We employed as our recognition sites a simple, mercury(II)-binding thymine-thymine 

mismatch (3-30) for the preliminary exploration of our design approach. Specifically, we 

inserted two thymine-thymine mismatches into an otherwise complementary DNA stem, the 

two strands of which are linked via an unstructured poly-AC loop, and the two termini of 

which are modified with a fluorophore-quencher pair that reports on folding (Figure 3-3, 

left). Employing a loop length of 50 bases, this construct is reasonably cooperative, achieving 

a Hill coefficient of 1.51±0.03 and a useful dynamic range of just 18(±1)-fold (Figure 3-3, 

middle). This represents a substantial increase in responsiveness relative to that of the  

 

 

Figure 3-3. Our first test-bed system is a cooperative mercury(II)-binding receptor. (Left) 

Our first test-bed system consists of a short, double-stranded stem containing two 

mercury(II)-binding thymine-thymine mismatches linked via a variable length, unstructured, 

poly-AC sequence. (Middle) The cooperativity and binding affinity of these constructs scales 

monotonically with the loop length, ranging from a Hill coefficient of 1.51±0.03 (dynamic 

range = 18-fold) for the construct with a 50-base loop to a Hill coefficient of 1.05±0.05 

(dynamic range = 67-fold) for the construct with a 6-base loop, with the latter being quite 

close to the behavior observed for single-site binding (Figure 3-4). (Right) Speaking to the 

quantitative nature of this design, the observed Hill coefficients and dynamic ranges fit 

equations 7 and 2 with R
2
 of 0.920 and 0.956, respectively, using only a single fitted 

parameter (Kclose), the best fit-value of which is within experimental uncertainty of 

independent estimates (see text). Of note, all of these constructs equilibrate within the 30 to 

60 s mixing dead time of our experiments (Figure 3-5). 
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equivalent, 50-base-linker receptor in which one of the two thymine-thymine mismatch sites 

has been replaced with a non-binding cytosine-cytosine mismatch; as expected, this single-

site construct exhibits a Hill coefficient within experimental uncertainty of unity and a 

dynamic range within uncertainty of 81-fold (Figure 3-4). 

The degree of cooperativity depends on the equilibrium constant for switching the 

receptor from its low affinity state to its high affinity state (Eq. 3-4). In our design this 

equilibrium constant is the product of the equilibrium constant for forming the intact binding 

sites in the absence of the linker, Kclose, and the unfavorable equilibrium constant associated 

with closing the linker, Klink:  

KS = KlinkKclose      (3-5) 

Consistent with this, the cooperativity of our two-site mercury receptor falls monotonically 

as we shorten its loop (thus decreasing Klink) from 50 bases (nH = 1.51±0.03) to 6 bases (nH = 

1.05±0.05) (Figure 3-3, middle). To put these observations on a still more quantitative 

footing we note that, for linkers longer than the ~3-base persistence length of single-stranded 

DNA (30), Klink is dominated by the entropic cost of loop closure and thus should go as 

Klink = L
-1.75

       (3-6) 
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Figure 3-4. A single-site Hg(II)-binding control beacon binds Hg(II) non-cooperatively, with 

a Hill coefficient within error of unity. 

 

where L is linker length (3-32). Combining equations 4, 5 and 6 we can thus relate the degree 

of cooperativity of our constructs to the length of their unstructured loops: 

𝑛𝐻 =
2

1+√
𝐾𝑐𝑙𝑜𝑠𝑒𝐿−1.75

1+ 𝐾𝑐𝑙𝑜𝑠𝑒𝐿−1.75

       (7) 

Despite employing only a single floating parameter, Kclose, this equation fits the observed Hill 

coefficients of our family of cooperative mercury receptors quite well (R
2
 = 0.92), speaking 

to the validity of our design model (Figure 3-3, right). Moreover, the fitted value of Kclose, 

59±30, corresponds to a free energy of -10.6(±1.4) kJ/mol for the formation of the two-

mismatch-containing stem. This, in turn, agrees to within experimental uncertainty with the  
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Figure 3-5. To ensure that all titration points are collected after the sample has reached 

equilibrium, the signal over time is measured for all collection points. All samples equilibrate 

within the 30-60 second dead time of mixing for the instrument. 
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~12.2(±1.6) kJ/mol predicted by adding the -4.6 kJ/mol stability of the stem as predicted by 

the “DINAMelt Mfold” secondary structure prediction algorithm (3-33, 33-34) to the -

7.6(±1.6) kJ/mol prior literature estimates of the stabilization produced by the fluorophore-

quencher pair we have employed (3-35, 3-36).  

 

 

Figure 3-6. (Top) We have also applied our approach to engineer cooperativity into a 

doxorubicin-binding aptamer, which, while predicted to form a stem loop, is ultimately of 

unknown structure. (Bottom) Constructs employing either 30- or 50-base linkers achieve Hill 

coefficients of 1.88±0.03 and 1.98±0.04, respectively, corresponding to useful dynamic 

ranges of 10.4-fold and 9.2-fold. The Hill coefficient of the parent aptamer, in contrast, is 

within experimental uncertainty of unity.   
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Encouraged by these successful test-case design efforts, we next adapted our simple 

strategy to engineer cooperativity into two structurally more complex receptors. For the first, 

we employed the doxorubicin-binding aptamer of Wochner et al., which binds this important 

cancer chemotherapeutic with a dissociation constant of ~200 nM (3-37). Of note, the three-

dimensional structure of this aptamer is not known, rendering this a significantly more 

challenging test of our design approach. To introduce cooperativity into the doxorubicin-

binding aptamer we first employed DINAMelt Mfold as a guide to predict its likely 

secondary structure (Figure 3-6, top). We then “cut” the parent aptamer sequence at the 

position within the single putative loop identified by Mfold and linked tandem repeats of the 

two resulting half-aptamers via unstructured poly-thymine sequences of either 30 or 50 

bases. The construct employing a 50-base linker is quite cooperative, exhibiting a Hill 

coefficient of 1.98±0.04 and a dynamic range of just 9.2(±0.4)-fold (Figure 3-6, bottom), 

values within experimental uncertainty of ideal behavior for a fully cooperative, two-site 

receptor. The construct employing the shorter, 30-base linker is slightly less cooperative, 

achieving a Hill coefficient of 1.88±0.03 and a useful dynamic range of 10.4(±0.8)-fold. The 

parent, single-site doxorubicin aptamer, in contrast, achieves a Hill coefficient of 0.99±0.02 

and a useful dynamic range of 81(±3)-fold. These values are well within the predictions of 

our model. 

The quantitative model for folding-based cooperativity outlined above (Eq. 3-7) for 

our mercury receptors likewise describes the behavior of our doxorubicin-binding constructs. 

Specifically, Mfold (3-33, 3- 34) predicts that the parent aptamer forms a stem loop structure 

with folding free energy that is unstable by 0.75 kJ/mol (per monomeric aptamer) in the 

absence of doxorubicin. When added to the favorable association energy of the fluophore-
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quencher pair (3-35, 3-36) this yields a closing free energy of -6.1 kJ/mol and a Kclose of 11.2 

for the tandem repeat. Inserting the latter value into Eq. 3-7 predicts Hill coefficients of 1.71 

and 1.80 for our 30-thymine and 50-thymine constructs, respectively, estimates that are 

reasonably close to the experimental values.  

 

 

Figure 3-7. As a final test of the generality of our approach we have applied it to the 

cocaine-binding aptamer of Stojanovic et al. (3-38). (Top) This aptamer is thought to form a 

three-way junction. (Bottom) The modified aptamer achieves substantial cooperativity, 

exhibiting a Hill coefficient of 1.65±0.12. The parent aptamer, in contrast, exhibits a Hill 

coefficient within experimental uncertainty of unity.  
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As a final test of the generality of our approach we applied our method to the cocaine-

binding aptamer described by Stojanovic et al. (3-38). This is another receptor for which 

detailed conformational infromation is lacking. Using a previously identified cut site (3-39), 

we engineered a cooperative receptor in which tandem repeats of the two halves of the 

aptamer are linked via an unstructured, 50-base poly-thymine sequence (Figure 5, top). The 

resultant construct exhibits a Hill coefficient of 1.65±0.12 and dynamic range of binding of 

13(±4)-fold (Figure 5, bottom). As with the cooperative mercury(II)- and doxorubicin-

binding aptamers, the behavior of the cooperative cocaine-binding aptamer likewise appears 

consistent with Eq. 7. Complicating this analysis, however, is the fact that the aptamer is 

thought to contain a large number of non-Watson-Crick base pairs (3-39), and thus 

DINAMelt Mfold likely fails to accurately model its folding free energy. To overcome this, 

we instead used the experimentally determined folding free energy of the parent aptamer (3-

40) to determine Kclose. Specifically, the folding free energy of the fluorophore-and-quencher-

modified parent aptamer is -7.5 kJ/mol. Given the known stabilizing effects of the 

fluorophore-quencher pair (3-35, 3-36), we thus estimate that the folding free energy of the 

dye-free parent aptamer is +0.1 kJ/mol. The folding free energy of a dimer aptamers, one of 

which is dye-labeled, should thus be -7.4 kJ/mol, which in turn corresponds to a Kclose of 19. 

Inserting this value into equation 3-7 predicts a Hill coefficient of 1.75, which is again within 

experimental uncertainty of the observed value.  

 

3.5 Conclusions 

Here we have demonstrated the utility of employing binding-induced folding as an 

effective, quantitative and potentially versatile means of engineering allosteric cooperativity 
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into normally non-cooperative biomolecular receptors. Specifically, we have used this 

approach to generate cooperative receptors starting from three distinct, unrelated aptamers 

that bind three distinct and unrelated molecular targets. The most cooperative of these re- 

 

 

Figure 3-8. We have achieved the rational, quantitative introduction of cooperativity into a 

range of aptamer-based receptors. As shown here, for example, equation 4 (solid line), which 

defines the expected relationship between Ks, the equilibrium constant for receptor “folding,” 

and nH, the Hill coefficient, describes the behavior of all eight of the receptors reported in 

this paper with reasonable accuracy despite its lacking any fitted parameters. The 

biomolecules shown include receptors designed to cooperatively bind mercury ions (Hg
2+

), 

doxorubicin (Dox), and cocaine (Coc), and featuring, as denoted in the figure, unstructured 

loops of between 6 and 50 bases. 

 

designed receptors exhibits a Hill coefficient within experimental uncertainty of the 

theoretically expected maximum, thus converting the 81-fold dynamic range associated with 

single-site binding to a 9-fold dynamic range and rendering the resultant receptor far more 

sensitive than its parent to small changes in the concentration of its target ligand. Finally, the 

approach is quantitative, with the degree of cooperativity attained for each of eight different 
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receptors (again, binding three quite different molecular targets) closely matching the values 

expected given the switching equilibrium constant, KS, of each of the modified aptamers 

(Figure 3-8).  

The ability to rationally engineer biomolecular receptors such that they overcome the 

“tyranny of the Langmuir isotherm (3-41)” and respond robustly to relatively small changes 

in the concentration of their target ligand has proven an important goal in molecular 

engineering and synthetic biology (3-15, 3-16, 3-17, 3-18, 3-19, 3-20). While nature 

frequently exhibits the simple, elegant mechanism of allosteric cooperativity to overcome 

this limitation, the generalizable ability to recapitulate this behavior in normally non-

cooperative biomolecular receptors has hitherto remained elusive, with successful examples 

of artificially engineered, allosteric cooperativity having been restricted to a small number of 

more-or-less non-generalizable examples (3-10, 3-11, 3-12, 3-13). In part this is because our 

ability to rationally design biomolecules that switch reversibly between two well-defined 

conformations likewise remains limited (3-23). In response we have demonstrated here a 

means of engineering cooperativity that circumvents this challenge by utilizing the (easily 

achievable) unfolded state as one of the two required conformations. Given the ease with 

which single domain proteins can similarly be re-engineered to undergo binding-induced 

folding (see, e.g., (3-42, 3-43)), and the recent report of a naturally occurring protein that 

employs intrinsic disorder to generate cooperative binding (3-26), we suspect that intrinsic 

disorder may also prove a useful means of rationally optimizing the responsiveness of 

protein-based receptors. 
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3.6 Materials and Methods 

All reagent-grade chemicals, including cocaine, mercury chloride, doxorubicin, 

sodium phosphate monobasic and, sodium phosphate dibasic (doxorubicin from LC 

Laboratories, Woburn, Massachusetts; all others from Sigma-Aldrich, St. Louis, Missouri) 

were used as received. DNA molecules modified with a carboxyfluorescein (FAM) and a 

black-hole-quencher-1 (BHQ) were used as purchased (BioSearch Tech, Novato, CA). The 

sequences are as follows: 

 

Cooperative Hg(II)-binding aptamer: 

5' (FAM)-GTCCTG-(AC)n-CTGGTC-(BHQ), n = 3, 8, 12, 18, 25 

 

Single-site Hg(II)-binding aptamer: 

5' (FAM)-GCCCTG-(AC)25-CTGGCC-(BHQ) 

 

Cooperative doxorubicin-binding aptamer: 

5' (FAM)-(ACCATCTGTGTAAGG)2-Tn-(GGTAAGGGGTGGT)2-(BHQ), n = 30, 50 

 

Single-site doxorubicin-binding aptamer: 

5' (FAM)-ACCATCTGTGTAAGGGGTAAGGGGTGGT-(BHQ) 

 

Cooperative cocaine-binding aptamer: 

5’ (FAM)-AGACAAGGAAAATTTAGACAAGGAAAA-T50- 

 TCCTTCAATGAAGTGGGTCGTTTCCTTCAATGAAGTGGGTCG-(BHQ) 
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Single-site cocaine-binding aptamer: 

5' (FAM)-GGGAGACAAGGAAAATCCTTCAATGAAGTGGGTCGACA-(BHQ) 

 

We obtained all fluorescence measurements using a Cary Eclipse Fluorimeter 

(Varian) with excitation at 485 (± 5) nm and acquisition at 515 (± 10) nm. We measured the 

mercury-binding and doxorubicin-binding receptors at 30˚C and the cocaine-binding 

receptors at 37˚C in 50 mM sodium phosphate buffer pH 7. We obtained binding curves by 

adding sequentially increasing target concentrations to a stock solution of the receptors at 20 

nM. For the Hg
2+

- and doxorubicin-binding receptors we titrated in solutions containing the 

target molecule but lacking the aptamer; we then adjusted the observed signal to account for 

the resultant dilution of the aptamer. For the cocaine-binding aptamer we titrated in a 

solution of cocaine also containing the aptamer at 20 nM, thus keeping the aptamer 

concentration constant throughout the experiments. We thermally equilibrated all samples for 

at least 15 minutes prior to taking the first measurement. To ensure that the binding 

equilibrium had been reached prior to measurement we obtained kinetic traces after the 

addition of each new target concentration (e.g., Figure 3-5). The data employed in the 

equilibrium plots (Figures 3-3, 3-4 and 3-7) represent the average of 10 fluorescence 

measurements collected at least 2 minutes after these additions. Hill coefficients were 

determined by fitting these data using GraphPad Prism plotting software. Error bars represent 

95% confidence intervals based on standard errors derived from these fits. 
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4. QUANTITATIVE MEASUREMENT OF THE MOLECULAR- AND MICRON- 

SCALE DISSOLUTION KINETICS OF RESPONSIVE DNA HYDROGELS 

 

Recent years have seen increasing reports of stimulus-responsive hydrogels constructed using 

DNA building blocks connected by responsive aptamer crosslinkers. To date, however, the 

majority of the literature describing these “smart” materials has been rather qualitative, 

presumably due to lack of simple, direct tools for measuring the thermodynamics and 

kinetics with which they respond. To meet this challenge, we demonstrate here simple, time-

resolved methods by which the physical properties of these hydrogels can be measured over 

molecular and micron length scales. Specifically, we employ fluorophore-quencher labeled 

crosslinkers and the rheology of entrapped, micron-sized particles to simultaneously 

visualize dissolution at molecular and micron length-scales, respectively. Using these 

approaches we have measured the response kinetics of an adenosine-responsive DNA 

hydrogel as a function of effector concentration and the depth within the gel at which 

dissolution is being monitored. As expected, we find that the response timescale depends 

strongly and monotonically on both. We likewise find that dissolution is largely uniform at 

length scales longer than a few times the monomer-monomer distance, suggesting that the 

process may be significantly less cooperative than suggested. Finally, we find that bead 

mobility, which monitors micron-scale dissolution, exhibits a power-law-like relationship 

with the number of disrupted crosslinks before a distinct crossover from solid-like to liquid-

like behavior, an observation that is in agreement with previous theoretical predictions. This 

chapter comprises a manuscript in preparation, to be submitted September 2015.  

 



70 
 

4.1 Motivation 

Stimulus-responsive biological materials commonly use precisely organized 

biomolecular networks that assemble, dissolve, and rearrange in response to specific 

molecular or physical cues (4-1, 4-2, 4-3, 4-4, 4-5). To fabricate similarly responsive 

artificial materials, many researchers have turned to DNA as its simple, well-understood 

base-pairing rules easily support the design and construction of precisely organized three-

dimensional networks (4-6, 4-7, 4-8, 4-9, 4-10, 4-11). Moreover, by incorporating aptamers, 

artificial DNA sequences selected for in vitro for their ability to bind specific molecular 

effectors, these hydrogels can be made responsive to the presence of specific atomic or 

molecular cues, such as pH (4-7), mercury (4-8), adenosine (4-8,4- 9), cocaine (4-9), lead (4-

9), thrombin (4-10), and silver (4-11). 

The simplicity with which responsive DNA hydrogels are designed and fabricated, 

and the potentially broad range of effectors to which they may respond, have led to 

significant exploration (e.g., 4-7, 4-8, 4-9, 4-10, 4-11). The majority of this literature, 

however, is rather qualitative, with little work having addressed, for example, the kinetics 

with which these hydrogels respond as functions of parameters such as the effector 

concentration, position within the hydrogel, or length scale over which dissolution is 

monitored. This lack of understanding regarding the quantitative aspects limits the 

development of rational strategies for the optimization of these hydrogels, including the 

rational “tuning” of such properties as their dissolution kinetics and the relationship between 

molecular and micron scale responses. For example, although there are numerous theoretical 

and simulation-based predictions regarding the interplay between molecular scale 

dissociation and micron-scale mechanics (4-12, 4-13, 4-14, 4-15, 4-16, 4-17, 4-18, 4-19, 4-
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20, 4-21), experimental tests of these relationships are few (4-17, 4-18). In response, we 

demonstrate here methods for the quantitative characterization of the molecular- and micron-

scale response kinetics of DNA hydrogels. Using these methods, we also test several 

previously predicted properties of such hydrogels, demonstrating the utility of our 

experimental approaches improving our understanding and, we believe, optimization of this 

important class of responsive materials. 

 

4-2. Hydrogel measurement strategies 

As our model system we employ an adenosine responsive version of the commonly 

employed Y-DNA hydrogel architecture. First described in 2009 by Cheng et al. (4-7), this 

architecture consists of a network of Y-shaped DNA “monomers” (each containing three 

annealed strands forming a double-stranded core with three pendant, single-stranded arms) 

crosslinked via hybridization with a complementary sequence to form a dense 3-dimensional 

network (Figure 4-1). For our studies we use the 27-base adenosine-binding aptamer of 

Huizenga and Szostak (4-22) as the crosslinker, rendering the resulting hydrogel responsive 

to this specific small molecule. Mixing the aptamer with the appropriate Y-monomers 

produces a thick, relatively rigid hydrogel (Figure 4-1, right inset). The introduction of 

adenosine stabilizes the aptamer’s hairpin-shaped adenosine-binding conformation, 

dissociating it from the monomers and thus disrupting the hydrogel (Figure 4-1, top). 

Qualitatively, this dissolution can be observed by eye (Figure 4-1, inset; see also (4-7, 4-8, 4-

9, 4-10, 4-11)). Our goal, however, is to instead develop quantitative methods of monitoring 

dissolution over multiple length scales. 
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Figure 4-1. As our model system we employed an adenosine-responsive DNA hydrogel 

modeled on a Y-DNA hydrogel architecture first described by Cheng et al. (4-21). (Top) This 

consists of Y-shaped “monomers” (each consisting of three annealed strands of DNA) with 

pendant, single-stranded arms. These arms are partially complementary to an adenosine-

binding aptamer, which crosslinks the monomers to form a 3-dimensional network (inset, 

left) that forms a visibly thick gel (inset, right). In response to binding its specific molecular 

effector, adenosine, the aptamer dissociates and folds, disrupting the hydrogel. (Bottom left) 

This composite image shows the average signal from the aptamer (green channel) and the 

maximum signal of the beads (red channel) over 20 frames (33 s), in an intact hydrogel. The 

fluorophore-quencher pair appended to ~1% of the aptamers is separated, producing high 

fluorescent output and thus a bright green image. The intact network traps the embedded 

beads so that they remain in place over the time window of this composite image. (Bottom 

right) This composite image shows a gel 25 min after the addition of 14 mM adenosine over 
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the same time window as left. Upon the addition of adenosine, the aptamer dissociates, 

decreasing the emission of the fluorphore labeled aptamers, and thus the aptamer-channel 

signal substantially decreases. The dissociation of the aptamer dissolves the gel network, 

dramatically increasing bead mobility. 

 

To measure dissolution kinetics at the molecular scale we employ a trace (~1%) 

amount of crosslinking aptamer that has been modified on its termini with a fluorophore-

quencher pair (Figure 1, bottom). When in its “open,” crosslinking conformation the 

fluorophore and quencher are segregated and emission is high (Figure 1, bottom left). In the 

adenosine-bound conformation of the aptamer, however, the fluorophore and quencher are in 

close proximity emission is low (Figure 1, bottom right) (4-22). To measure dissolution 

kinetics at longer length scales, in contrast, we use passive rheology, a method commonly 

employed for measuring the mechanics of soft materials (4-23, 4-24, 4-25, 4-26, 4- 27). 

Specifically, we measure the mean square displacement of micron-scale beads embedded in 

the hydrogel as a function of time. Initially, the intact hydrogel restricts the movement of the 

beads so that they remain largely in place, “jiggling” only slightly in response to thermal 

fluctuations. As the network dissolves, the mean square displacement of the beads increases, 

eventually reaching that expected for unhindered Brownian diffusion through a liquid. 

 

4.3 Results 

Time-lapse images capturing the fluorescence of the trace amount of fluorophore-

labeled aptamers indicate that the hydrogel’s molecular-scale dissolution kinetics are 

biphasic, with a slow initial decrease in fluorescence (the “lag phase”) followed by a near-

exponential decrease (the “exponential phase”) (Figure 4-2, top and middle). The kinetics of  
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Figure 4-2. The adenosine-responsive hydrogel exhibits biphasic dissolution kinetics when 

the dissolution is monitored over molecular length scales. (Top) A close-up plot of the first 

15 minutes after the addition of adenosine illustrates the concentration-dependent lag phase 

in the response of a trace of fluorophore-modified aptamer in the hydrogel. (Middle) This is 

followed by a concentration-dependent exponential dissolution phase. Note: near complete 
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dissolution is observed even at the lowest adenosince concentration we have employed. 

(Bottom) Both the lag time, tlag (defined here as the time needed to decrease the initial 

fluorescence by 5%) and the lifetime, τ, of the exponential phase (determined after the 

fluorescence has decreased by 25%) increase monotonically with decreasing adenosine 

concentration.  
 

 

each of these phases depends on the concentration of adenosine added. At a depth of 600 µm 

within the sample, for example, the length of the lag phase, which we define as the time 

required to reduce fluorescence by 5%, increases 3-fold (from 1.4±0.17 min to 4.2±0.13 min) 

as the adenosine concentration drops from 14 mM to 0.2 mM. The time constant of the 

exponential phase, which we obtain by fitting the decay observed after the initial 

fluorescence has decreased by 25%, depends still more strongly on adenosine concentration, 

increasing 10-fold (from 3.9±0.43 min to 38.3±0.13 min) over the same concentration range. 

Taken together, these two effects cause the overall time for dissolution to likewise rise 

monotonically with adenosine concentration: at a depth of 600 µm within the gel, for 

example, the time required to reduce the background-subtracted fluorescence to 50% of its 

initial value increases 7-fold (from 5.0±0.17 min to 37.2±6.1 min) over the same change in 

adenosine concentration (Figure 4-2, middle). 

The dissolution kinetics of the gel also depend on the depth within the hydrogel at 

which the process is being monitored (Figure 4-3). Here, however, the dependence arises 

solely due to changes in the lag phase, as the time constant of the exponential phase is 

effectively independent of depth. In response to 6 mM adenosine, for example, the length of 

the lag phase increases 9-fold (from 0.2±0.2 min to 1.8±0.2 min) as the depth within the 

sample increases from 300 µm to 600 µm, an effect that presumably arises due to the finite  
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Figure 4-3. The lag time of the molecular scale dissolution depends on depth below the 

surface at which the observations are made. The exponential kinetics observed after the lag 

phase, however, are effectively independent of depth. (Top) The length of the lag phase, 

defined as the time required for the fluorescence to fall by 5%, increases monotonically with 

increasing depth. (Middle) After this initial depth-dependent lag phase, the fluorescence 

decreases with similar kinetics at all depths. (Bottom) The lag time tlag increases from 

0.6±0.2 mi at 300 µm to 1.8±0.1 min at 600 µm. The time constant constants of the 

exponential phase (fit when fluorescence has decreased by 25%), however, are near identical.  
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time required for the effector to diffuse into the material (4-20). The time constants of the 

exponential phases, in contrast, are near identical to within expected confidence intervals at 

all depths (Figure 4-3, bottom). 

The final, net fluorescence we observe plateaus at near background levels after less 

than 150 min at all effector concentrations, suggesting that, at equilibrium, the hydrogel is 

completely dissolved at even the lowest (0.2 mM) adenosine concentration investigated. This 

observation was unexpected; effector binding must “outcompete” the hybridization of the 

aptamer to the monomers, which we believed would push the aptamer’s dissociation constant 

far above 0.2 mM. Specifically, the secondary structure predicting software Mfold estimates 

the stability of the aptamer-Y-monomer base-pairing to be -60 kJ/mol (4-28, 4-29). 

Constraining the non-binding portion of the aptamer, however, is entropically unfavorably, 

and carries an energetic cost roughly equivalent to constraining the ends of a non-base 

pairing loop of a hairpin, which Mfold and polymer theory predict to be ~13 kJ/mol (4-28, 4-

29, 4-30). Together, these effects would be expected to reduce the energy with which our 

aptamer crosslinkers bind to adenosine by 47 kJ/mol relative to the affinity of the free 

aptamer. This, in turn, should increase the 6 µM Khalf of the free aptamer (4-22) by eight 

orders of magnitude. That our hydrogel completely dissociates even at 0.2 mM adenosine 

suggests, however, that the Khalf is significantly less than 3 orders of magnitude above that of 

the free aptamer. This presumably occurs due to strain, which could substantially reduce the 

stability of the aptamer-monomer interactions and thus enhance the ease with which 

adenosine dissolves the hydrogel. 

In addition to providing a measure of the hydrogel’s dissolution kinetics, our 

approach also allows us to visualize the dissolution pattern of the hydrogel over time and 
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space, thus providing insight into the dissolution mechanism (Figure 4-4). Specifically, if 

dissolution were highly cooperative we might expect to see either patchy, punctate decreases 

in fluorescence, with dark spots forming and expanding at their edges in a nucleation-growth 

type pattern, or a wave-front pattern in which dissolution progresses from one side of the 

field of view to the other. Instead we observe an even decrease in fluorescence over the entire 

120 µm x 120 µm field of view, suggesting that crosslinkers dissociate from the hydrogel 

randomly over time, rather than via a cooperative mechanism in which a dissociated 

crosslinker would increase the propensity of neighboring crosslinkers to dissociate.  

 

 

Figure 4-4. Sequential images of a dissolving hydrogel show a homogeneous decrease in 

aptamer fluorescence over time (green), indicating that, to the resolution of our image, the 

dissolution is spatially uniform. This stands in contrast to patchier, nucleation-like 

dissolution (in which small initial areas of dissolution form and expand) or wave front 

dissolution (in which dissolution occurs as a front advancing from one side). The latter 

observations might be expected were the dissolution process to be cooperative. 

 

The dissolution of the hydrogel as probed over micron length scales (Figure 4-5, top 

and middle) is both slower and more strongly concentration-dependent than its dissolution at 

molecular length scales. For example, when we employ the mobility of 1.0 µm beads as our 

reporter, t1/2 (the time required for the bead’s mean squared displacement to reach half the 

value seen in buffer) ranges from 14.7±1.7 min at 14 mM adenosine to greater than 120 min  
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Figure 4-5. (Top) Like its molecular scale dissolution, the micron scale dissolution of the 

hydrogel exhibits an initial lag phase followed by (Middle) near-exponential behavior. 

Notably, very little increase in mobility occurs even after 120 minutes in response to lower 

than 2 mM adenosine. (Bottom) The lag time tlag increases from 4.2±0.5 min at 14 mM 

adenosine to longer than 120 min at 0.2 mM adenosine. The time constants τ of the 

exponential fits are 19.6±2.3 min and 46.9±0.2 min at 14 mM and 6 mM respectively. At 

concentrations ≤ 4 mM, the bead motion does not reach the plateau value within the 

experimental time frame, preventing the extraction of characteristic exponential time 

constants. 

 



80 
 

at or above 2 mM. Here, too, the dissolution kinetics are biphasic, with a concentration-

dependent lag phase followed by a concentration-dependent, near-exponential increase in 

mobility. The lag phase, which we define here as the time required for the mean square 

displacement to exceed 10% of what would be expected in buffer, ranges from 4.2±0.5 min 

at 14 mM adenosine to longer than the two hour experimental timeframe at 0.2 mM 

adenosine. The time constants of the exponential phase similarly range from 19.6±2.3 min at 

14 mM to much greater than 2 hr at adenosine concentrations below 2 mM (Figure 4-5, 

bottom). At adenosine concentrations above 6 mM we observe bead mean square 

displacements that plateau at the mean squared displacement seen in water (e.g., 0.5 µm
2
/s).  

In contrast to the very different dissolution kinetics we observe at the molecular scale 

versus µm scale using the beads, the dissolution half-lives vary only modestly (Figure 4-6). 

Specifically, t1/2 changes by only a factor of two (from 27.5±0.6 min to 47.1±4.2 min) despite 

a nearly 15-fold increase in bead diameter (Figure 6, bottom). What differences we do 

observe in the dissolution kinetics arise due to diameter-dependent changes in the lag time, 

which increases about 2.5-fold (from 6.0±0.7 min to 16.5±0.6 min as the bead diameter 

increases from 0.21 µm to 3.2 µm. The time constant of the exponential phase, in contrast, 

actually decreases with increasing bead size (from 46.3±6.3 min to 23.8±3.0 min). The 

increasing lag time with increasing bead size suggests that early in dissolution, the mesh size 

of the gel increases to enable increased movement of smaller beads, while staying 

sufficiently intact to trap the larger beads. Then, once the mesh size has decreased 

sufficiently to enable the movement of larger beads, the network has approached complete 

dissolution, resulting in a relatively short exponential phase for the larger beads.  
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Our ability to measure both the hydrogel’s molecular scale dissolution and the extent 

to which it inhibits the motion of micron-sized beads simultaneously provides an opportunity 

to test Maxwell gelation and percolation theory (4-14, 4-15), relating a gel’s crosslinking to 

its bulk mechanical properties. This theory predicts that above the percolation threshold, 

defined as the minimum fraction of intact crosslinkers for which there exists a continuous 

connected path through the gel, the mean square displacement should exhibit a power law 

relationship to the number of intact bonds. Below this threshold, in contrast, the gel network 

structure is no longer intact enough to trap the beads, and thus the mean squared 

displacement increases only slightly as the breakage of further bonds decreases the viscosity 

of the now liquid environment. Prior experimental (4-33, 4-34, 4-35) and simulation-based 

studies (4-13, 4-14, 4-15) support this theory, as do our observations For example, a plot of 

the normalized fluorescence, which captures the number of intact bonds, versus the mean 

squared displacement is biphasic, with an early power law-like phase transitioning into a 

plateau as the extent of dissolution increases and the hydrogel becomes liquid-like (Figure 4-

7). The crossover between the two behaviors occurs when approximately 55% of the total 

fluorescence change has occurred (i.e., ~55% of the crosslinkers are broken), a value that is 

consistent with previous experimental observations and simulations of the gel point of 

amorphous gels (4-36). 

 

4.4 Conclusions 

We have developed and demonstrated simple, generalizable methods for 

quantitatively measuring the dissolution kinetics of a model stimulus-responsive hydrogel. 

The straightforward methods we have employed to do so may prove useful in the 
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optimization and development of artificial responsive hydrogels with optimized physical  

properties, and as a tool to improve the understanding of this increasingly important area of 

soft-matter physics. 

 

 

 

Figure 4-7. Plotting the fluorescent of the labeled aptamer versus the mean squared 

displacement of the beads during dissolution reveals a biphasic transition from solid-like to 

liquid-like behavior. Initially, when the material is in the solid phase, meaning that there are 

enough bonds intact to hold the beads in place, the mean squared displacement increases with 

decreasing fluorescence and thus fraction of intact bonds as a power law. When the number 

of bonds decreases enough to where the gel is no longer intact enough to hold the beads in 

place, the material undergoes a solid to liquid transition, where then beads are able to diffuse 

freely and mean squared displacement mean squared displacement only increases slightly 

with increasing bond breakage.  

 

 

4.5 Materials and methods 

Materials: 

All reagent-grade chemicals, including adenosine, sodium phosphate monobasic, 

sodium phosphate dibasic, and sodium chloride were ordered from Sigma-Aldrich (St. Louis, 
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MI). Glass slides were purchase from Fisher Scientific (Hampton, NH). Unlabeled DNA and 

labeled DNA molecules were ordered from Sigma-Aldrich with desalt purification and 

Integrated DNA Technologies (Coralville, IA) with HPLC purification. Aqueous red Fluoro-

Max beads of 0.21 µm, 1.0 µm, and 3.2 µm were ordered from Thermo Scientific (Waltham, 

MA). All reagents were used as purchased.  

Each of the two Y-DNA monomers employed in this hydrogel consists of three 

subunit strands that hybridize to form a Y-shaped structure with a double-stranded core and 

pendant single-stranded functional ends. The core sequences are those first reported by 

Cheng et al. [7], and the single-stranded ends are complementary to eight and seven bases, 

respectively, on the 5’ and 3’ side, of the adenosine-binding aptamer of Huizenga and 

Szostak [22], hybridizing with Mfold-estimated free energies of -32.8 and -32.0 kJ/mol [22]. 

The sequences making up the monomers are as follows, with the double stranded core 

section denoted in italics and the elements complementary to the aptamer sequences 

underlined: 

5’ monomer subunit strands: 

5a: 5’ CTTACGGCGAATGACCGAATCAGCCT ACCTTCCT 

5b: 5’ AGGCTGATTCGGTTCATGCGGATCCA ACCTTCCT 

5c: 5’ TGGATCCGCATGACATTCGCCGTAAG ACCTTCCT 

 

3’ monomer subunit strands: 

3a: 5’ CCCAGGTCTTACGGCGAATGACCGAATCAGCCT 

3b: 5’ CCCAGGTAGGCTGATTCGGTTCATGCGGATCCA 
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3c: 5’ CCCAGGTTGGATCCGCATGACATTCGCCGTAAG 

 

The aptamer strands are as follows, with the elements complementary to the Y-monomers 

underlined: 

Unlabeled: 5’ ACCTGGGGGAGTATTGCGGAGGAAGGT 

Labeled: 5’ Alexa488-ACCTGGGGGAGTATTGCGGAGGAAGGT-Black Hole Quencher1 

 

Methods: 

We synthesized each monomer by mixing a final concentration of 1.0 mM of each 

three component strands in 75 mM sodium chloride, 25 mM sodium phosphate, pH 7.0, then 

annealing by heating to 95°C for 5 min followed by cooling at a rate of 1°C/min to 4°C. We 

consistently achieved high yield of the desired products, which we confirmed using a 4-20% 

gradient acrylamide Tris/Borate/EDTA gel (100 V for approximately 45 minutes) stained 

with SYBR gold (Figure 4-SI-1). To form the hydrogels, we mixed final concentrations of 

0.18 mM of each Y-monomer with 0.48 mM unlabeled aptamer, approximately 480 µM 

labeled aptamer, and 0.002% by volume red fluoromax beads in 60 mM sodium chloride, 20 

mM sodium phosphate at pH 7. 

We synthesized and imaged the hydrogels in a customized imaging flow cell. The cell 

consisted of a 1.8 mm diameter, 0.75 mm deep cylindrical well drilled into a 75 x 25 x 1.0 

mm glass slide overlaid by a polydimethylsiloxane (PDMS) channel consisting of a square 

hole placed over the cylindrical well flanked by two 0.8 mm by 20 mm channels (Figure 4-

SI-2). After synthesizing the gel in the well, we placed a glass coverslip over the PDMS 
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layer, covering the well but not the ends of the channel. After waiting at least 15 minutes to 

ensure complete gelation, we added 20 µl of adenosine solution to the top of the gel by 

pipetting it from one side of the channel. We imaged in an enclosed hutch maintained at 

20°C with high humidity to minimize evaporation. For imaging we employed an upright 

Olympus Fluoroview FV1000 MPE laser scanning confocal microscope with a 25x 

magnification, 1.05 numerical aperture Olympus X Plan N lens. We simultaneously excited 

the aptamer fluorophore and fluorescent beads with 473 and 559 nm lasers, respectively, and 

detected via PMT detectors. Each frame was collected via raster scanning with a 512 x 512 

pixel resolution and a 1.644 s
-1

 frame rate.  

To obtain quantitative aptamer fluorescence decay curves we measured the average 

intensity of each image in the 473 nm fluorescence channel using ImageJ’s batch measure 

function. We normalized each decay curve to the maximal and background fluorescence, 

which we obtained, respectively, by manually inputting the time of maximal fluorescence 

(generally at or shortly the addition of adenosine) and by fitting the last ~50% of the decay 

curve to an exponential equation using the Matlab cftool (see Matlab code section for code). 

To obtain fits of the exponential phase of the decay curves, we fit the portion where 

normalized fluorescence had decreased 25% from the maximal value to a simple exponential 

equation in Graph Pad plotting software. For each experimental condition (adenosine, bead 

size, and depth) we obtained at least triplicate measurements. We averaged the fluorescence 

of the replicates to obtain fluorescence versus time curves and the fit parameters of for each 

replicate to obtain average exponential time constants for each set of measurements. 

We obtained bead tracks using the particle tracker function on Bitplane Imaris 

software. We analyzed this data to obtain the mean square displacements for all beads 
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present over each frame. To do this, we calculated the mean square change in distance over a 

frame between all sets of two beads present in both frames (excluding those separated by a 

distance less than 10x the bead diameter for the 0.21 µm and 1.0 µm beads and less than 3x 

the bead distance for the 3.2 µm beads to prevent correlated movement, see [25]), which is 

approximately equal to twice the mean squared displacement (SI Derivation 1), then 

multiplied the values we obtained by 0.5F. or visual clarity, we binned each mean square 

displacement versus time curve over 100 bins for Figures 4-4 and 4-5. We fit the time versus 

mean square displacement curves to simple exponential equations in GraphPad, reporting the 

averaged mean squared displacement for a given bin for several replicates for each condition. 

To obtain the fluorescence versus mean squared displacement plot (Figure 4-6), we plotted a 

representative non-binned bead data trace against the normalized fluorescence at the same 

time. 

  

4.6 Matlab scripts 

1. Function for plotting raw fluorescence. 

%Raw fluorescence data plotting function 
%Plaxco Group 

  
%This function will pull the fluoresence data from the CSV file generated 
%by ImageJ. It will then normalize to a percent max format, and feed the 
%final data matrix back into the program that called this function as the 
%variable "fluoro_data", in which the first column is the time stamp and 
%the second column is the normalized fluoresence data. 

  

  

  
function fluoro_data = FNC_Fluoro_Plot_041415_rawdata_forpaper(filename, 

maxfluor) 
    %"filename" is the name CSV file obtained by imagej batch measure of 

the images 
    %"maxfluor" is the frame number which contains what we hold to be the 
    %maximum fluorescence, which is the fluorescence obtained immediately 
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    %after the addition of adenosine 

  
    %Read the data file "filename" 
    RawdataALL = csvread(filename,1); 

     
    %Extract the first and third columns, which contain the frame number 

and the fluorescence. 
    Rawdata = [RawdataALL(:,1) RawdataALL(:,3)]; 

     
    %Make a matrix with just the fluorescence values 
    Fluor_vals=Rawdata(:,2); 

     
    %Obtain the maximum fluorescence, which occurs at the manually-input 
    %time "maxfluor" 
    peak_fluor = Fluor_vals(maxfluor); 

     
    %Obtain all of the fluorescence values as fractions of the maximal 
    %fluorescence by dividing by the peak fluorescence 
    NormF = (Fluor_vals/peak_fluor); 

     

    
    %Make a matrix with just the frame values 
    frame = Rawdata(:,1); 

     

       
    %Compile the normalized data into a matrix for (optional) plotting 
    NormalData=[frame(maxfluor:length(frame)) 

NormF(maxfluor:length(frame))]; 

     
    % Remove discontinuities due to moving the focus, etc for easier 

fitting 
    % later: 
    % Start by defining an empty matrix to do this 
    no_disc_data = []; 

     
    % for the whole data set: 
    for position = 3:length(NormalData(:,1)); 
        %get the fluorescence for that data point 
        num2=NormalData(position,2); 
        %get the fluorescence for one point before that data point 
        num1=NormalData(position-1,2); 
        %get the fluorescence for two points before that data point 
        num0=NormalData(position-2,2); 
        %if the data point is not < 65% of the one before it 
        if num2/num1 > 0.65; 
            %if the data point that one is not < 65% of the one before it 
            if num1/num0 > 0.65; 
                %add to the data set without discontinuities 
                no_disc_data = [no_disc_data; NormalData(position,1) 

NormalData(position,2)]; 
            end 
        end 
    end 
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    % Get a data set only including the time after the addition of 
    % adenosine for curve fitting 
    % First, get a no-discontinuity data from the time that 
    % fluorescence is added (assumed to be maxfluor) to ten points before 
    % the end of the set 
    FittingDataSet = 

no_disc_data((round(maxfluor):round(length(no_disc_data)-10)),:); 

     
    %Subtract the frame where fluorescence is added from all of the times 
    %to get the frame number after the addition of fluorescence 
    frame = FittingDataSet(:,1)-maxfluor; 
    %Get the fluorescent values with the discontinuities removed 
    fluoro =FittingDataSet(:,2); 
    %The final output is the zero corrected time and the normalized 
    %fluorescence values, with the discontinuities removed 
    fluoro_data = [frame fluoro]; 

     
    % optional plot toggle on/off 
    % plot(fluoro_data(:,1),fluoro_data(:,2), color); 

     

 

2. Function for normalized raw fluorescence. 

%Background subtracted plotting function 
%Plaxco group 

  
%This function will pull the fluoresence data from the CSV file generated 
%by ImageJ. It will then normalize the fluorescence to the percent maximum 

fluorescence (the 
%fluoresence at the chosen max time) and the background levels previously 
%obtained by fitting the previous data curves to find their background. It 
%will also correct the time so that the frame in which the adenosine is 
%added is equal to time zero, even if the maximal fluorescence occurs 
%later. 

  

  
function fluoro_data = FNC_Fluoro_Plot_060415_baselinesubtr(filename, 

maxfluor,baseline, realstarttime); 
    %"filename" is the name CSV file obtained by imagej batch measure of 

the images 
    %"maxfluor" is the frame number which contains what we hold to be the 
    %maximum fluorescence, which is the fluorescence obtained immediately 
    %after the addition of adenosine 
    %"baseline" is the baseline calculated by fitting the 
    %non-baseline-subtracted raw data to an exponential function to find 
    %the baseline 
    %realstarttime is the time at which we add the adenosine, which is 
    %generally a few frames before the time of maximal fluorescence due to 
    %the gel swelling and settling before then. 

  
    %Read the data file "filename" 
    RawdataALL = csvread(filename,1); 
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    %Extract the first and third columns, which contain the frame number 

and the fluorescence. 
    Rawdata = [RawdataALL(:,1) RawdataALL(:,3)]; 

  
    %Make a matrix with just the fluorescence values 
    Fluor_vals=Rawdata(:,2); 

     
    %Obtain the maximum fluorescence, which occurs at the manually-input 
    %time "maxfluor" 
    peak_fluor = Fluor_vals(maxfluor); 

     
    %Obtain all of the fluorescence values as fractions of the maximal 
    %fluorescence by dividing by the peak fluorescence 
    NormF = (Fluor_vals/peak_fluor); 

    
    %Correct to set the baseline at zero 
    NormF_baselinesub = (NormF-baseline)/(1-baseline); 

     

     
    %Make a matrix with just the frame values 
    just_frame_numbers = Rawdata(:,1); 

     

     
    %Compile the normalized data into a matrix for (optional) plotting 
    NormalData=[just_frame_numbers(maxfluor:length(just_frame_numbers)) 

NormF_baselinesub(maxfluor:length(just_frame_numbers))]; 

     

     
    %Compile the normalized data into a matrix for (optional) plotting 
    NormalData=[just_frame_numbers(maxfluor:length(just_frame_numbers)) 

NormF(maxfluor:length(just_frame_numbers))]; 

     
    % Remove discontinuities due to moving the focus, etc for easier 

fitting 
    % later: 
    % Start by defining an empty matrix to do this 
    no_disc_data = []; 

     
    % for the whole data set: 
    for position = 3:length(NormalData(:,1)); 
        %get the fluorescence for that data point 
        num2=NormalData(position,2); 
        %get the fluorescence for one point before that data point 
        num1=NormalData(position-1,2); 
        %get the fluorescence for two points before that data point 
        num0=NormalData(position-2,2); 
        %if the data point is not < 65% of the one before it 
        if num2/num1 > 0.65; 
            %if the data point that one is not < 65% of the one before it 
            if num1/num0 > 0.65; 
                %add to the data set without discontinuities 
                no_disc_data = [no_disc_data; NormalData(position,1) 

NormalData(position,2)]; 
            end 



90 
 

        end 
    end 

  

     
    % Get a data set only including the time after the addition of 
    % adenosine for curve fitting 
    % First, get a no-discontinuity data from the time that 
    % fluorescence is added (assumed to be maxfluor) to ten points before 
    % the end of the set 
    FittingDataSet = 

no_disc_data((round(maxfluor):round(length(no_disc_data)-10)),:); 

     
    %Subtract the frame where fluorescence is added from all of the times 
    %to get the frame number after the addition of fluorescence 
    just_frame_numbers = FittingDataSet(:,1)-maxfluor; 
    %Get the fluorescent values with the discontinuities removed 
    fluoro =FittingDataSet(:,2); 
    %The final output is the zero corrected time and the normalized 
    %fluorescence values, with the discontinuities removed 
    fluoro_data = [just_frame_numbers fluoro]; 

     
    % optional plot toggle on/off 
    % plot(fluoro_data(:,1),fluoro_data(:,2), color); 

 

3. Function for plotting bead mean square displacements. 

%Bead plotting function 
%Plaxco group 

  
%This function will pull data from the particle tracking CSV file 

generated 
%by the Imaris software. The function can then calculate the average 

squared change 
%in particle seperation between all particles as a function of time.   
%The output is presented in the variable "MSD_InterBead_Distance", which 
%contains the timestamp in the first column and the average squared change 
%in interbead distance in the second column. 

  

  
function MSD_InterBead_Distance = 

Luke_msd_interbead_addstart061015_forpaper(filename, limit, pointadded, 

bin_on_off, color, distancecutoff, maxdisplacement) 
    %"filename" is the name of the file obtained from Imaris containing 

the 
    %positions, times, and IDs for the beads. The format is [x position, y 
    %position, z position (not tracked so arbitrary), time, bead id, and 
    %point id 
    %"limit" 
    %"pointadded" is the frame at which we added the adenosine 
    %"color" is the color for (optional) plotting 
    %"distancecutoff" is the distance cutoff below which we do not 

consider 
    %the change in distance between bead pairs. Generally we input ~10x 
    %bead diameter (see [ref two point microscopy paper, 



91 
 

    %Crocker/Valentine/Weitz]) 
    %"maxdisplacement" is the maximal one-frame displacement of the bead 
    %that we would assume to be real, i.e., not a tracking error 

  
    %import data file 
    datafile = csvread(filename,1); 

  
    %get the total number of points 
    numberpts = length(datafile); 

     
    %Imaris sets the bead index to a nine digit number, in the format 
    %"10000001, 10000002, 1e9 + n" for the 1st, 
    % 2nd, nth beads. Set this to just 1, 2, n format for easier viewing 
    for n = 1:numberpts; 
        datafile(n,5) = datafile(n,5)-1e9; 
    end 

  
    %Sort the data by the bead I.D. 
    datasorted = sortrows(datafile, 5); 

  

     
    %Caculate the displacement of each bead over one frame intervals and 

store those displacements in a list 
    %and store those displacements in a list. 
    %Make an empty list for displacements 
    xdisplacements = []; 
    %For each row in the matrix (i.e., for each datapoint) 
    for line = 2:numberpts; 
        % if the bead ID of that point is the same as that of the previous 

point 
        if datasorted(line,5) == datasorted(line-1,5); 
            %get the time of that point 
            timeindex = datasorted(line, 4); 
            %if the time is after the time when we added the adenosine 
            if timeindex >= pointadded; 
                %obtain the x and y positions of that bead at the given 
                %point 
                xposition = datasorted(line,1); yposition = 

datasorted(line,2); 
                %calculate the displacement, from the frame before the 
                %current one to the current one 
                xdisp = datasorted(line,1)-datasorted(line-1,1); 
                %get the bead number 
                bead_number = datasorted(line, 5); 
                % if the displacement of the bead is less than the upper 
                % limit maxdisplacement: 
                if abs(xdisp) < maxdisplacement; 
                    %append the bead's timeindex, x displacement, ID, x 
                    %position, and y position to the list 
                    xdisplacements = [xdisplacements; timeindex xdisp 

bead_number xposition yposition]; 
                end 
            end 
        end 
    end 
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    %Sort the xdisplacements by time 
    sort_by_time = sortrows(xdisplacements, 1); 

  
    %Find where the frame number changes in order to find the row numbers  
    %in xdisplacements that correspond to each frame. 
    %Make an empty list for these points 
    cut_points = []; 
    %for each row but the first in the list of displacements sorted by 

time 
    for row = 2:length(sort_by_time); 
        %if the time index of a data point is NOT equal to the time index 
        %of the next in the sort_by_time matrix, that means that the bead 
        %ID is different, so that it is the start of a new series of 

beads. 
        %If this is the case, then add this index to the list of 
        %cut_points. 
        if sort_by_time(row, 1) ~= sort_by_time(row-1,1); 
            point = row; 
            cut_points = [cut_points; point]; 
        end 
    end 

     
    %Extract the single frame delta displacements from the xdisplacements 

list, 
    %using the cut_points values as row cut-offs. 
    % Make an empty matrix to do this 
    Single_Frame_Delta_Disps = []; 
    %For each line between 3 and the number of cut points 
    for line = 3:length(cut_points); 
        %the end of displacements for those time intervals 
        end_time = cut_points(line); 
        %the start of the set of that time intervals 
        start_time = cut_points(line-1); 
        %the displacements at those time intervals 
        data_thatcutpoint = sort_by_time(start_time:end_time-1,:); 
        %if the frame has more than one bead in it, then continue (if not, 
        %skip) 
        if length(data_thatcutpoint(:,1)) ~= 1; 
            %Find the difference in displacement for each combination of 
            %beads, which corresponds to the change in the inter-bead 
            %distance over one frame for that pair. 
            %First, set a temporary matrix to do this 
            temp_inter_dist_storage =[]; 
            %for "bead one" present at the time points 
            for bead_one = 1:length(data_thatcutpoint(:,1)); 
                %for each "bead two" also present at that time point and 

further down on the list 
                for bead_two = bead_one+1:length(data_thatcutpoint(:,1)); 
                    %get the x position of both beads and the distance 
                    %between them 
                    xpos_one = data_thatcutpoint(bead_one,4); xpos_two = 

data_thatcutpoint(bead_two,4); xdistance = xpos_one - xpos_two; 
                    %get the y position of both beads and the distance 
                    %between them 
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                    ypos_one = data_thatcutpoint(bead_one,5); ypos_two = 

data_thatcutpoint(bead_two,5); ydistance = ypos_one - ypos_two; 
                    %get the horizontal distance between the beads 
                    %(pythagorean theorum) 
                    distancebtbeads = sqrt(xdistance.^2 + ydistance.^2); 
                    %if the distance is greater than required by the 

cutoff 
                    if distancebtbeads > distancecutoff; 
                        inter_dist = data_thatcutpoint(bead_two, 2)-

data_thatcutpoint(bead_one,2); 
                        %get the bead IDs 
                        bead_one_id = data_thatcutpoint(bead_one,3); 
                        bead_two_id = data_thatcutpoint(bead_two,3); 
                        %Square the distance and place it in a storage 

matrix with the bead IDs. 
                        temp_inter_dist_storage = 

[temp_inter_dist_storage; inter_dist^2 bead_one_id bead_two_id]; 
                    end 
                end 
            end 
            %Average the change in displacement for all the combinations 

of 
            %beads in that frame. 
            ave_inter_dist_change = mean(temp_inter_dist_storage(:,1)); 
            if ave_inter_dist_change < 10; %to prevent artifacts 
                Single_Frame_Delta_Disps = [Single_Frame_Delta_Disps; 

data_thatcutpoint(1,1) ave_inter_dist_change]; 
            end 
        end 
    end 

     
    %If binning is toggled "on," bin the data over 100 bins to make it 
    %easier to interpret 
    if bin_on_off == 1; 
        %set the number of bins to 100 
        num_bins = 100; 
        %find the bin step size by dividing the number of frames by 100 
        bin_step_size = int64(length(Single_Frame_Delta_Disps)/num_bins)-

1; 
    end 

     
    %If binning is toggled "off," the bin step size is set as zero 
    if bin_on_off == 0; 
        bin_step_size = 1; 
        limit = limit/1; 
    end 

     
    %set an empty matrix for the binned data 
    binned_data_mat = []; 
    %step through the data looking at each window, the size of which is 
    %defined by bin_step_size 
    for row = 

bin_step_size:bin_step_size:length(Single_Frame_Delta_Disps); 
        %put the data for each bin window in a temporary matrix for 
        %averaging 
        temp_bin_matrix = []; 
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        %for each  
        for group = row-bin_step_size+1:row; 
            temp_bin_matrix = [temp_bin_matrix; 

Single_Frame_Delta_Disps(group,1) Single_Frame_Delta_Disps(group,2)]; 
        end 
        %average the data in the bin window, then store the result in the 
        %main data matrix 
        binned_data_mat = [binned_data_mat; mean(temp_bin_matrix(:,1) - 

pointadded) mean(temp_bin_matrix(:,2))]; 
        %setting this number (below) will change the max length of the 

data 
        %set.  If you get a "horzcat", lower this number to your smallest 
        %matrix dimension 
        if length(binned_data_mat) >= round(limit); 
            break 
        end 
    end 
    %plot the binned results (optional) 
    plot(binned_data_mat(:,1), binned_data_mat(:,2), color); 
    %return the binned interbead distances 
    MSD_InterBead_Distance = binned_data_mat(2:length(binned_data_mat),:); 
end 
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4.7 Supplementary figures 

 

 

Figure 4-SI-1. We confirmed the successful synthesis of our monomers by running on a 

TBE gel and staining with sybr gold. The monomers’ mobility was considerably lower than 

that of the individual subunits, indicating successful formation of the product. 
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Figure 4-SI-2. We constructed a flow cell to enable precise addition of the adenosine 

solution and imaging of the gels.  
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4.8 Supplementary derivation 

Mean square displacement is defined as the average squared displacement that a particle 

moves in a given time interval t. One dimensional mean square displacement is thus defined 

as: 

 

𝑀𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒𝑑 𝑑𝑖𝑠𝑝𝑙𝑐𝑒𝑚𝑒𝑛𝑡 = < 𝑥2(𝑡) >= < [𝑥(𝑡 + 𝑇) − 𝑥(𝑇)]2 > 

=  
∑ [𝑥𝑛(𝑡 + 𝑇) − 𝑥𝑛(𝑇)] 2𝑛

𝑛⁄  

Where t is the time interval, T is the first time where position is measured, and 𝑥𝑛 is the 

position of particle n. 

 

To eliminate effects from drift and flow, instead of measuring the mean square displacement, 

we measure the mean square change in position between two particles. The change in 

distance between two particles a and b over time t is thus equal to the difference in their 

displacements over t: 

∆𝐷𝑎𝑏(𝑡) = [𝑥𝑎(𝑇 + 𝑡) −  𝑥𝑏(𝑇 + 𝑡)] −  [𝑥𝑎(𝑇) −  𝑥𝑏(𝑇)] 

=  𝑥𝑎(𝑇 + 𝑡) −  𝑥𝑎(𝑇) – [𝑥𝑏(𝑇 + 𝑡) −  𝑥𝑏(𝑇)] 

= ∆𝑥𝑎(𝑡) −  ∆𝑥𝑏(𝑡) 

 

The mean square change in difference in positions is thus equal to : 

< ∆𝐷𝑎𝑏(𝑡)2 > = < [∆𝑥𝑎(𝑡) − ∆𝑥𝑏(𝑡)]2 > = <∆𝑥𝑎(𝑡)2 +   ∆𝑥𝑏(𝑡)2 + 2∆𝑥𝑎(𝑡)∆𝑥𝑏(𝑡) >  

Because the particle motion is random, neglecting interactions between particles, the average 

value of the term 2∆𝑥𝑎(𝑡)∆𝑥𝑏(𝑡) is equal to zero. Thus: 

< ∆𝐷𝑎𝑏(𝑡)2 >  = <∆𝑥𝑎(𝑡)2 +   ∆𝑥𝑏(𝑡)2 > = 2∆< 𝑥𝑛(𝑡)2 >  

= 2 ∗ 𝑀𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒 𝑑𝑖𝑠𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡  
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V. QUANTITATIVE CONTROL OF THE RESPONSE KINETICS AND 

THERMODYNAMICS OF A “SMART” DNA HYDROGEL 

 

 

Recent years have seen an increasing interest in biomimetic, stimulus-responsive hydrogels 

fabricated from DNA. The successful introduction of these materials into artificial 

technologies, however, requires the ability to quantitative control their response kinetics. 

Achieving this control may be, in principle, rather straightforward, as DNA’s simple, 

modular structure enables the construction of precisely-organized three-dimensional 

networks and the quantitative control of the thermodynamics and kinetics of aptamer-target 

molecule binding. However, the relationship between the readily controllable structural 

properties of these DNA and aptamer hydrogels, for example the network geometry and 

thermodynamic stability, and their resulting physical properties, for example the kinetic 

response to target molecule and the relationship between molecular-scale and micron-scale 

dissolution, remains poorly understood. In response, here we have measured the time-

resolved, multi-scale dissolution of a model adenosine-responsive Y-DNA hydrogel in order 

to investigate the relationship between the gel’s response kinetics and the geometry and 

thermodynamics of the base-pairing that underlies its formation. We find that, as expected, 

the hydrogel dissolution kinetics decreases with increasing affinity between the hydrogel’s 

monomers and aptamer crosslinker, albeit the base pairing geometry plays an important role 

as well. This chapter is in preparation for submission in fall 2015.  
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5.1 Motivation 

 Materials that assemble and dissolve in response to molecular cues are ubiquitous 

throughout biology (5-1, 5-2, 5-3, 5-4, 5-5). The ability to engineer such responsive materials 

would likely be of value in artificial biotechnologies, ranging from drug delivery vehicles to 

biosensors to switchable-surface materials. To create such responsive materials many 

researchers have turned to DNA as its modular, well-understood base-pairing rules support 

the construction of precisely organized three-dimensional structures and networks (5-6, 5-7, 

5-8, 5-9, 5-10, 5-11, 5-12). Moreover, by employing structure-switching aptamers, DNA 

sequences that bind specific target molecules, as crosslinking elements key to the structural 

integrity of the hydrogel, these hydrogels can be made to assemble or dissolve in response to 

specific chemical cues. Many successful examples of such aptamer-crosslinked responsive 

hydrogels exist, including hydrogels that respond to pH (5-7), mercury (5-8), adenosine (5-9, 

5-10, 5-12), cocaine (5-9), lead (5-9), thrombin (10), and silver (11). 

 The modular, well-understood base pairing rules of DNA suggests, in principle, that 

the engineering of responsive DNA hydrogels with precisely tuned thermodynamic and 

kinetic properties may be quite straightforward. That is, because DNA-DNA interactions 

occur primarily through simple, quantitatively-understood Watson-Crick base pairing, 

quantitative control of the thermodynamics and kinetics between DNA-DNA components 

may be readily achieved through simple changes in base pairing length, geometry, or extent 

of guanine-cytosine base pairs (5-13). Although the binding of aptamers to their target 

molecules is less well-understood then Watson-Crick base-pairing, control of the 

thermodynamics and kinetics of aptamers binding their target molecules may be achieved by 

tuning the thermodynamic and kinetic equilibrium between binding-competent and non- 



103 
 

 

 

Figure 5-1. As our experimental system we employed an adenosine-responsive Y-DNA 

hydrogel. (Top) This hydrogel consists of Y-shaped “monomers” (each consisting of three 

annealed strands of DNA) with pendant, single-stranded arms. These arms are partially 

complementary to an adenosine-binding aptamer, which crosslinks the monomers to form a 

3-dimensional network (inset, left) that forms a visibly thick gel (inset, right). In response to 

binding its specific molecular effector, adenosine, the aptamer dissociates and folds, 

disrupting the hydrogel. 

 

binding-competent conformations. Similar control of the binding thermodynamics of 

aptamers has been achieved in many isolated aptamers free in solution (5-14, 5-15). 

 Despite these successful examples in which the responsiveness of solution-phase 

aptamers has been tuned, the exploration of responsive DNA hydrogels has remained rather 

qualitative. That is, only a few studies of DNA hydrogels have centered on the systematic,  
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Figure 5-2. We achieve control of the gel dissolution kinetics by changing the number of 

base pairs, and thus the affinity, with which the Y-DNA monomers bind to the adenosine 

aptamer crosslinker. (Left) Specifically, we systematically tuned the length with which the 

monomers’ arms bind to the 5’ and 3’ portion of the adenosine aptamer. (Right) We predict 

the free energy of interaction by adding the base-pairing contributions of the 5’ and 3’ 

overlap sides with the aptamer calculated from Mfold (5-18, 5-19), to the estimated free 

energy penalty from gel formation estimated from the difference in adenosine-binding 

affinity from our previous work (5-12), Chapter 4. 

 

quantitative control of their properties (5-16), and none to date have explored the relationship 

between base-pairing length or geometry and response to molecular effectors. In response, 

here we use a simple, recently developed strategy to explore the effect of tuning the 

thermodynamic stability and network geometry of a model DNA hydrogel on the kinetics of 

its response to its molecular effector.  

 

5.2 Results 

We employ an adenosine-responsive of the modular, frequently employed Y-DNA 

hydrogel architecture as our model system. This architecture, first developed by Cheng et al. 

in 2009, consists of a network of Y-shaped DNA “monomers” (each consisting of three 

annealed strands that form a structural, double-stranded core with three pendant, single- 
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Figure 5-3. The addition or subtraction of a single base pair produces a substantial difference 

in dissolution kinetics. Here we show the normalized fluorescence decay curves in response 

to 10 mM adenosine for hydrogels in which the 5’ end of the aptamer overlaps with 6, 7, 8, 

and 9 bases in which the 3’ end of the aptamer overlaps with six bases (top left), seven bases 

(top right), eight bases (bottom left), and nine bases (bottom right). In the labels, “X-Y’, X 

and Y refer to the number of bases that bind the 5’ and 3’ end of the aptamer crosslinker, 

respectively.  

 

stranded arms) crosslinked via hybridization with a complementary sequence to form a dense 

3-dimensional network (Figure 5-1) (5-7). In our model system, we employ the classic 

adenosine-binding aptamer of Huizenga and Szostak (5-18) as the crosslink, rendering the 

resulting hydrogel responsive adenosine. Mixing the aptamer with the Y-monomers produces 

a thick, relatively rigid hydrogel (Figure 5-1, right inset). To probe the relationship between 

affinity between the aptamer crosslinker and the monomers, we varied the length of the 

pendant single-stranded arms of each monomer to base pair with 6, 7, 8, and 9 bases on the  
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end of the adenosine aptamer. We investigated the kinetics of all 16 possible combinations 

(Figure 5-2, right).  

 

Figure 5-4. Like the molecular-scale kinetics, the micron-scale gel dissolution kinetics 

(measured with 1.0 µm diameter beads) become slower with increasing base pairing length 

between the Y-monomers and the aptamer. Notably, the least-stable gels, 6-6 and 6-7, do not 

appear strong enough to substantially entrap beads even very early in dissolution. On the 

other end of the spectrum, in the most stable gels (i.e., 8-8, 8-9, 9-7, and 9-9), substantial 

bead movement does not occur even after long times after addition of adenosine. In the 

labels, “X-Y’, X and Y refer to the number of bases that bind the 5’ and 3’ end of the 

aptamer crosslinker, respectively. 

 

 Increasing the length of base pairing between the monomers and the aptamer 

increases the time required for dissolution at both the molecular (Figure 5-3) and micron 



107 
 

(Figure 5-4) length scales, with the addition or subtraction of even a single base pair being 

sufficient to alter significantly the dissolution rate. Quantitatively, the half time for 

dissolution thalf, which we define here as the time required for aptamer fluorescence to fall to 

50% of its initial value, increases near monotonically with increasing base-pairing length 

between the aptamer and the monomers (Figure 5-5, top left). Varying only the extent to 

which the Y-monomers bind to the aptamer, we observed a wide range of dissolution kinetics 

in response to 10 mM adenosine. thalf increases from 3.7±1.1 min using Y-monomers that 

bind six bases at the ends of the adenosine aptamer to longer than two hours using Y-

monomers that bind at least eight at the 5’ end of the aptamer and nine bases at the 3’ end of 

the aptamer. 

Comparing the hydrogel dissolution kinetics to the thermodynamic stability of the gel 

(i.e., the thermodynamics of interaction between the Y-monomers and crosslinker) results in 

quantitative validation and supports the approach as generally applicable. We estimated the 

free energy of interaction by adding the favorable free energy of the aptamer base-pairing 

with the monomers to the unfavorable free energies associated with breaking the base-paired 

stem in the free aptamer, which we also calculated with Mfold, and with restricting the 

position of the aptamer and Monomers to form the hydrogel (5-19, 5-20) (Figure 5-2, left). In 

our estimation, the cost of restricting the positions of the aptamer comes from two main 

sources. The first is the entropic cost of restricting the position of the non-base paired portion 

of the aptamer when forming the hydrogel, which scales logarithmically with the length of 

this non-base-paired region (5-21). The other cost arises from the translational entropy loss 

associated with restricting the position of the monomers and aptamer in forming the gel, 

which we estimate from our previous work as approximately 33 kJ/mol (5-12; Chapter 4).  
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Figure 5-5. The dissolution kinetics of the hydrogel depend a combination of geometric and 

energetic factors. The dissolution kinetics are perhaps most closely related to the number of 

overlapping base pairs between the Monomers and the crosslinking aptamer (top left), with a 

near-monotonic relationship between the number of overlapping base pairs and the thalf, the 

time required for the normalized fluorescence to decrease by 50%. The dissolution kinetics 

are also closely related to the predicted binding free energy between the aptamer and the Y-

DNA monomers (top right), although this relationship appears somewhat less monotonic, 

particularly at higher numbers of base pairs and predicted free energies. The dissolution 

kinetics are also related, though less monotonically, to the weaker (bottom left) and stronger 

(bottom right) of the two Y-monomers that the aptamer binds to, suggesting that neither the 

first or second side of the aptamer to dissociate from the Y-onomers plays a simple role in 

limiting the kinetic rate of dissolution.  

 

Comparing the estimated free energies of interaction between the monomers and the 

aptamer to the dissolution kinetics, we find that in general, the half time of dissolution 

increases with increasing free energy of interaction between the monomers and the aptamer. 

However, neither the base-pairing length nor the free energy of interaction is entirely 
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predictive of dissolution kinetics, suggesting that the geometry of the monomers’ interaction 

with the aptamer may play an important role. To investigate this relationship between base 

pairing geometry and hydrogel dissolution kinetics, we plotted the half times for dissolution 

versus both the free energy of hybridization for the “weakest link,” the weaker side of each 

specific monomer combination (Figure 5-5,bottom left), and the free energy of hybridization 

for the “strongest link,” the stronger side of each monomer combination (Figure 5-5, bottom 

right). We find that while dissolution half time generally increases with both increasing free 

energy of hybridization for both the weakest and the strongest link, neither is completely 

predictive of dissolution kinetics.  

 

Figure 5-6. We achieve further control of our model DNA responsive hydrogels by 

employing monomers that bind the aptamer crosslinker internally, giving the aptamer a 

“toehold” to enable faster dissociation. (Top) In this construct, the Y-monomer that binds the 

5’ end of the adenosine aptamer binds the 4
th

-10
th

 bases from the 3’ end, leaving a toehold at 

the 5’ end of the aptamer. (Bottom) Hydrogels containing monomers with this “toehold” 

binding dissolve much faster than those that bind at the end of the aptamer.  
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To further explore the relationship between monomer/aptamer geometry and the 

hydrogel dissolution kinetics, we measured the dissolution kinetics of hydrogels containing 

monomers that bound internally, rather than at the ends of the aptamer, thus giving the 

aptamer a “toehold” (Figure 5-6, top). As expected, these hydrogels dissolved substantially 

faster than the hydrogels containing monomers that base pair with the same number of bases 

of the aptamer crosslinker (Figure 5-6, bottom).  

 

5.3 Conclusions 

In summary, we demonstrate the use of both base-pairing length and geometry to 

control the response kinetics of target molecule responsive DNA hydrogels. Given the many 

successful examples of achieving quantitative control of the thermodynamics and kinetics of 

one-dimensional DNA switches (5-13, 5-14, 5-15), and in engineering responsive DNA 

hydrogels with a diverse variety of architectures and effector molecules (5-7, 5-8, 5-9, 5-10, 

5-11, 5-12), we believe that the approach presented here may be of value in many artificial 

responsive materials and biotechnologies.  

 

5.4 Materials and methods 

Materials: 

All reagent-grade chemicals, including adenosine, sodium phosphate monobasic, sodium 

phosphate dibasic, and sodium chloride were ordered from Sigma-Aldrich (St. Louis, MI). 

Glass slides were purchase from Fisher Scientific (Hampton, NH). Unlabeled DNA and 
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labeled DNA molecules were ordered from Sigma-Aldrich with desalt purification and 

Integrated DNA Technologies (Coralville, IA) with HPLC purification. Aqueous red Fluoro-

Max beads of 1.0 µm diameter were ordered from Thermo Scientific (Waltham, MA). All 

reagents were used as purchased.  

 

Each of the Y-DNA monomers employed in this hydrogel consists of three subunit strands 

that hybridize to form a Y-shaped structure with a double-stranded core and pendant single-

stranded functional ends. The core sequences are those first reported by Cheng et al. (5-7), 

and the single-stranded ends are complementary to 6, 7, 8, and 9 bases on the 5’ and 3’ side 

of the adenosine-binding aptamer of Huizenga and Szostak (5-18). The sequences that 

compose the monomers are as follows, with the double stranded core section denoted in 

italics and the elements complementary to the aptamer sequences underlined: 

  

5’ monomer subunit strands: 

 

5-6a: 5’ CTTACGGCGAATGACCGAATCAGCCT ACCTTCC 

5-6b: 5’ AGGCTGATTCGGTTCATGCGGATCCA ACCTTCC 

5-6c: 5’ TGGATCCGCATGACATTCGCCGTAAG ACCTTCC 

 

5-7a: 5’ CTTACGGCGAATGACCGAATCAGCCT ACCTTCCT 

5-7b: 5’ AGGCTGATTCGGTTCATGCGGATCCA ACCTTCCT 

5-7c: 5’ TGGATCCGCATGACATTCGCCGTAAG ACCTTCCT 
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5-8a: 5’ CTTACGGCGAATGACCGAATCAGCCT ACCTTCCTC 

5-8b: 5’ AGGCTGATTCGGTTCATGCGGATCCA ACCTTCCTC 

5-8c: 5’ TGGATCCGCATGACATTCGCCGTAAG ACCTTCCTC 

 

5-9a: 5’ CTTACGGCGAATGACCGAATCAGCCT ACCTTCCTCC 

5-9b: 5’ AGGCTGATTCGGTTCATGCGGATCCA ACCTTCCTCC 

5-9c: 5’ TGGATCCGCATGACATTCGCCGTAAG ACCTTCCTCC 

 

3’ monomer subunit strands: 

 

3-6a: 5’ CAGGTCTTACGGCGAATGACCGAATCAGCCT 

3-6b: 5’ CAGGTAGGCTGATTCGGTTCATGCGGATCCA 

3-6c: 5’ CAGGTTGGATCCGCATGACATTCGCCGTAAG 

 

3-7a: 5’ CCAGGTCTTACGGCGAATGACCGAATCAGCCT 

3-7b: 5’ CCAGGTAGGCTGATTCGGTTCATGCGGATCCA 

3-7c: 5’ CCAGGTTGGATCCGCATGACATTCGCCGTAAG 

 

3-8a: 5’ CCCAGGTCTTACGGCGAATGACCGAATCAGCCT 

3-8b: 5’ CCCAGGTAGGCTGATTCGGTTCATGCGGATCCA 

3-8c: 5’ CCCAGGTTGGATCCGCATGACATTCGCCGTAAG 
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3-9a: 5’ CCCCAGGTCTTACGGCGAATGACCGAATCAGCCT 

3-9b: 5’ CCCCAGGTAGGCTGATTCGGTTCATGCGGATCCA 

3-9c: 5’ CCCCAGGTTGGATCCGCATGACATTCGCCGTAAG 

 

In contrast to the “normal” monomers, which base-pair with the aptamer sequence at its ends, 

the “toehold” monomers base-pair with the aptamer internally. The sequences are as follows: 

 

5-7-toehold-a: 5’ CTTACGGCGAATGACCGAATCAGCCT TTCCTCCG 

5-7-toehold-b: 5’ AGGCTGATTCGGTTCATGCGGATCCA TTCCTCCG 

5-7-toehold-c: 5’ TGGATCCGCATGACATTCGCCGTAAG TTCCTCCG 

 

3-8-toehold-a: 5’ TCCCCCACTTACGGCGAATGACCGAATCAGCCT 

3-8-toehold-b: 5’ TCCCCCAAGGCTGATTCGGTTCATGCGGATCCA 

3-8-toehold-c: 5’ TCCCCCATGGATCCGCATGACATTCGCCGTAAG 

 

 

The aptamer strands are as follows, with the elements complementary to the (5’7 and 3’8) Y-

monomers underlined: 

Unlabeled: 5’ ACCTGGGGGAGTATTGCGGAGGAAGGT 

Labeled:  5’ Alexa488-ACCTGGGGGAGTATTGCGGAGGAAGGT-Black Hole Quencher-

1 

 



114 
 

 

Methods: 

We synthesized each monomer by mixing a final concentration of 1.0 mM of each 

three component strands in 75 mM sodium chloride, 25 mM sodium phosphate, pH 7.0, then 

annealing by heating to 95°C for 5 min followed by cooling at a rate of 1°C/min to 4°C. We 

consistently achieved high yield of the desired products, which we confirmed using a 4-20% 

gradient acrylamide Tris/Borate/EDTA gel (100 V for approximately 45 minutes) stained 

with SYBR gold (Figure SI 1). To form the hydrogels, we mixed final concentrations of 0.18 

mM of each Y-monomer with 0.48 mM unlabeled aptamer, approximately 480 µM labeled 

aptamer, and 0.002% by volume red fluoromax beads in 60 mM sodium chloride, 20 mM 

sodium phosphate at pH 7. 

We synthesized and imaged the hydrogels in a specially designed imaging flow cell. 

The cell consisted of a 1.8 mm diameter, 0.75 mm deep cylindrical well drilled into a 75 x 25 

x 1.0 mm glass slide overlaid by a polydimethylsiloxane (PDMS) channel consisting of a 

square hole placed over the cylindrical well flanked by two 0.8 mm by 20 mm channels 

(Figure SI 2). After synthesizing the gel in the well, we placed a glass coverslip over the 

PDMS layer, covering the well but not the ends of the channel. After waiting at least 15 

minutes to ensure complete gelation, we added 20 µl of adenosine solution to the top of the 

gel by pipetting it from one side of the channel. We imaged in an enclosed hutch maintained 

at 20°C with high humidity to minimize evaporation. For imaging we employed an upright 

Olympus Fluoroview FV1000 MPE laser scanning confocal microscope with a 25x 

magnification, 1.05 numerical aperture Olympus X Plan N lens. We simultaneously excited 
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the aptamer fluorophore and fluorescent beads with 473 and 559 nm lasers, respectively, and 

detected via PMT detectors. Each frame was collected via raster scanning with a 512 x 512 

pixel resolution and a 1.644 s
-1

 frame rate.  

To obtain quantitative aptamer fluorescence decay curves we measured the average 

intensity of each image in the 473 nm fluorescence channel using ImageJ’s batch measure 

function. We normalized each decay curve to the maximal and background fluorescence, 

which we obtained, respectively, by manually inputting the time of maximal fluorescence 

(generally at or shortly the addition of adenosine) and by fitting the last ~50% of the decay 

curve to an exponential equation using the Matlab cftool (see Matlab code section for code). 

To obtain fits of the exponential phase of the decay curves, we fit the portion where 

normalized fluorescence had decreased 25% from the maximal value to a simple exponential 

equation in Graph Pad plotting software. For each experimental condition (adenosine, bead 

size, and depth) we obtained at least triplicate measurements. We averaged the fluorescence 

of the replicates to obtain fluorescence versus time curves and the fit parameters of for each 

replicate to obtain average exponential time constants for each set of measurements. 

We obtained bead tracks using the particle tracker function on Bitplane Imaris 

software. We analyzed this data to obtain the mean square displacements for all beads 

present over each frame. More specifically, we calculated the mean square change in distance 

over a frame between all sets of two beads present in both frames (excluding those separated 

by a distance less than 10x the bead diameter, see reference (5-4, 5-25)), which is 

approximately equal to twice the mean squared displacement (see Chapter 4.8.), then 

multiplied the values we obtained by 0.5. For visual clarity, we binned each mean square 

displacement versus time curve over 100 bins for Figures 5-3. We fit the time versus mean 
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square displacement curves to simple exponential equations in GraphPad, reporting the 

averaged mean squared displacement for a given bin for several replicates for each condition. 

We computationally analyzed the fluorescence and bead data with the scripts shown in 

Chapter 4.6. 
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