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Summary 
Biosensing Based on Tethered Particle Motion Tethered Particle Motion (TPM) is a biophysical characterization technique in which a reporter particle (Ø 10 nm – several µm) is attached to a substrate via a tethering molecule. The particle explores its accessible area while undergoing Brownian motion. The motion of the particle is tracked using video microscopy. Changes in the tethering molecule are reflected in the motion of the particle, which can be tracked with typical resolutions on the order of nanometers and tens of milliseconds, allowing for sensitive single molecule measurements. Analysis of the position motion or the motion pattern provides direct insight in the bond state of the particle. Biosensing is the field that focuses on the detection of biological analyte molecules using physicochemical detection techniques. In this thesis, we focus on the application of TPM in biosensing for the detection of analyte molecules that are relevant for medical diagnostics. In Chapters 2 and 3 we discuss the interpretation of motion patterns in terms of the geometry of the tethering molecules. In Chapter 2 the basic theory of TPM is described, plus a Monte Carlo simulation method with which motion patterns can be simulated for a variety of tethering geometries. In Chapter 3 we systematically study the relationship between tethering geometries and observed motion patterns. Motion patterns were experimentally observed for particles (Ø 500 - 1000 nm) bound to the substrate via 120 basepair (40 nm) dsDNA at different tether densities and for rough and smooth particles. In the observed motion patterns, we identify seven classes of motion patterns which we relate to the underlying molecular system and verify our interpretation using the Monte Carlo simulation methods. Three classes correspond to particles bound with a single tether with varying degrees of particle surface roughness.  Two classes correspond to particles bound via either two or three tethers. In that case, the shape of the motion pattern depends on the relative positions of the tethers on the particle and the substrate. One class corresponds to a particle bound with multiple tethers or that is non-specifically bound and therefore immobile. The final class contains particles of which the motion is determined by geometrical restrictions e.g. induced by roughness of the substrate in combination with the tether geometry and the particle roughness. In addition to identifying the mechanisms leading to the motion patterns, we discuss how the analysis of motion patterns can be used in particle based biosensors to discriminate between specific and non-specific bound particles and to increase the dynamic range of biosensors. In the second part of the thesis we investigate dynamic particle motion systems. In these systems, the particle motion is recorded and changes upon formation or dissociation of bonds between the particle and the substrate. We use this system to demonstrate a proof-of-principle of a TPM based biosensor to measure the concentration of analyte molecules over extended periods of time. An overview of the theory relevant for the dynamic TPM system is given in Chapter 4. Furthermore, an 
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analytical model to describe the response of a dynamic TPM biosensor is presented and discussed. In Chapter 5 we describe an algorithm for the detection of discrete changes in the motion of the particles. The detection algorithm is based on the analysis of the position data expressed in two Cartesian coordinates and two polar coordinates and the displacement of the particle related to those four coordinates. The analysis is based on detecting the divergence of the cumulative second moment of the data from the expected value in case that the distribution of the data would be left unchanged. The cumulative second moment is back-extrapolated to determine the approximate moment at which the motion changed. Significant deviations of the motion data are then checked using statistical tests to find the changes in the motion of the particle. The implementation of the algorithm is validated and quantified in terms of specificity, sensitivity and accuracy using trajectories simulated with Brownian dynamics simulations. The performance of the algorithm depends on the duration of, and contrast between the motion states, and is found to be appropriate for the intended purposes. Furthermore, we analyse the performance of the algorithm when applied to experimentally observed trajectories of dynamic particle motion.  Chapter 6 demonstrates a proof of principle of a biosensor in which the analyte concentration (i.e. a 22-nucleotide ssDNA strand) is measured over extended periods of time. In addition to the primary dsDNA tether, the particles were functionalized with an 11-nucleotide oligo that is specific to the analyte sequence. The substrate was functionalized with an 8-nucleotide oligo that is specific to a second part of the analyte sequence. In presence of the analyte molecules the particles form short-lived secondary bonds to the substrate, with a lifetime of several seconds, leading to observable binding and unbinding events in the dynamic particle motion. We studied the dependence of the binding and unbinding activity of the system as a function of the analyte concentration. The resulting dose-response curve is fitted with the analytical model of the sensor response and is shown to have a superlinear character, with a slope of approximately 1.7. To characterize the response time of the system the response was measured following a decrease to zero of the target molecule concentration. We demonstrate the ability of the sensor to follow the concentration of analyte molecules over the course of several hours. The performance of the system is discussed in the context of a possible application as a monitoring biosensor. Our results demonstrate a proof-of-principle of a biosensor that may enable the monitoring of biomarker levels in patients with time-varying conditions. 



 

 

                   “For the absence of a bibliography I offer neither explanation nor apology.” Edsger W. Dijkstra  





1 

Chapter 1. Introduction 

 
Artist’s impression of tethered particle where a protein interacts with the DNA tether. The central theme of this thesis is the application of tethered particle motion for 
molecular biosensing. Tethered particle motion (TPM) is a technique in which a particle, generally with a diameter between 10 and 1000 nm, is bound to a substrate by a DNA strand with a length generally between tens of nanometers up to several micrometers. The particle's behavior reflects the underlying particle-molecule-substrate system via the Brownian motion of the particle, as it is restricted by the bond system. The measurement of the particle motion is performed using a microscope setup and a camera. The motion of the particle is analyzed to extract data about the molecular system.  Tethered particle motion as a technique has the capability of detecting small, single molecular interactions. Single molecule biophysics is the field in which the properties of single molecules are studied with physics based methods.1,2 Single molecule studies can give more detailed information than conventional ensemble averaged studies. Direct measurements of the properties of each molecule are possible, and the distribution of properties can be measured directly.   
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The goal of this thesis is to demonstrate that TPM can be used for sensitive molecular biosensing. The first section of this chapter describes the historical development and the current state of TPM, in order to sketch the reference framework of this thesis. Next, the challenges in molecular biosensing are discussed, and possible solutions by using tethered particle motion are described and discussed. Finally, the main research question and the outline of this thesis are given. 
1.1 History, development, and current state of 

tethered particle motion Tethered particle motion is a single molecule technique which is the focus of this thesis. In this section, we have created an overview of the history of tethered particle motion reconstructed from the TPM literature.  
1.1.1. The origin of Tethered Particle Motion Tethered particle motion emerged from single particle tracking (SPT). Single particle tracking is a microscopy technique used for the tracking of e.g. colloidal particles, organelles in cells, vesicles in and on cells, or (single) molecules labeled with particles.3 Single particle tracking delivers the micrometer to nanometer scale resolution required for the investigation of the properties of single particles and molecules. The field of single particle tracking (SPT) is cited in the first TPM paper to have been essential for the development of TPM.4–6 In single particle tracking, the motion of small particles is followed to infer information about the local environment. The particle is either free to diffuse, or is directly attached to a protein of which the motion is tracked. Single particle tracking has been used to answer a multitude of research questions; e.g. measuring the mobility of diffusive particles and diffusion coefficients in cells and other complex media,4,7 flow measurements,8 and protein tracking.7,9 
The conception of tethered particle motion The first publication on tethered particle motion is from Schafer et al., published in 1991.6 Although the article mentions the term 'tethered particle' several times, the term 'tethered particle motion' that has become the common denominator was not yet used to describe the technique. Schafer et al. showed that using a tethered particle, the activity of the RNA polymerase transcription protein could be measured on the single molecule level. Stalled polymerase-DNA transcription complexes were immobilized on the substrate. A 40 nm gold nanoparticle was attached to the DNA strand. After reactivation of the transcription complexes the DNA strand was pulled through the surface-bound RNA polymerase, slowly restricting the motion of the particle.  
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The observation of the particles was done using Differential Interference Contrast light-microscopy, which images the particles as adjacent black and white ovoids on a grey background. The image sequences were recorded on S-VHS tape and then digitized for further analysis. The obtained frames were averaged over a time period of 2.1 seconds to accentuate the particles' motion, effectively blurring the image of the particle to a degree corresponding to the particle’s motion amplitude. Fitting of the blurred particle image with an empirical model yielded a size parameter representing the motion amplitude of the particle. Using this method, of which practically nothing has been left unchanged over the last 25 years, Schafer et al. were able to determine the kinetics of the activity of a single RNA polymerase molecule.  
The early years The term tethered particle motion (TPM) was coined in the next major publication written by Yin et al. from the same group in 1994.10 The article replicates and improves the results obtained by Schafer et al. The main improvements were the use of 230 nm polystyrene particles instead of the 40 nm gold particles, digital video recording, and improved tracking accuracy. The new, more uniform and stable particles with a higher density of particles in a field-of-view, led to an improved data acquisition rates of over a hundred-fold.  In 1995, a publication by Finzi et al. reported the loop formation in the DNA tether by the Lactose repressor protein.11 Unique to this paper is the measurement of the kinetics of a single molecular interaction of the system with TPM, as the Lac-repressor binding and unbinding with the DNA dynamically loops and unloops the DNA strand.  The RNA polymerase TPM research generated an additional publication in 1999, again by Yin et al., which investigated the kinetics of transcription termination.12  Up to this point, the effort within the TPM field was centered around a few people in the department of Biochemistry and Center for Complex Systems at Brandeis University in Waltham, MA, and the department of Biology of Washington University, St. Louis, MO. Even though TPM had proven to be a powerful single molecule technique, it still took several years before its potential was fully recognized, and its use became more widespread. 
Further development In 2003, Vanzi et al. were the first to use an approach to the tracking of tethered particle motion that was distinctly different from the DIC, blurred image fit used by Schafer et 
al., and the subsequent papers.13 As imaging technique, they used fluorescent particles in an EPI-fluorescence microscope. To follow the motion of the particle they tracked the center of the particle by calculating the centroid of the particle image in each frame. 
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Subsequently, the motion amplitude was quantified by means of the root-mean-square displacement of the particle. The particle was tracked for eight seconds with a few tens of particle positions, directing the TPM technique towards continuous particle tracking. In 2004, Pouget et al. continued to develop the particle tracking technique,14 following the -position of the particle for extended times. They demonstrated the measurement of a full position time-trace of the particle with a resolution of approximately 8 nm. Pouget et al. were the first to report on the asymmetric motion of a particle bound to the substrate with a double tether. The occurrence of double tethers was reported earlier.6 With the full position information available, they introduced the use of the standard deviation of the position distribution instead of the blur size to determine the amplitude of motion, and they demonstrated it to be related to the tether length. Their work showed that particle tracking contains more information on the motion of the particle than the blurred image method. The particle position tracking method is used in practically all tethered particle motion publications from then on. Addition of the third dimension to the tracking of tethered particles was demonstrated by Blumberg et al. in 2005.15 By combining stroboscopic TIRF illumination of surface bound particles16 with TPM, they could track the height of the particle as it moved through the height dependent evanescent field. They demonstrated that some tethered particles transiently adsorb to the surface, and that some particles undergo tether-like, yet erratic motion due to malformed tethers. In addition to extending tracking with height information, Blumberg et al. introduced several other useful concepts. The concept of a standard deviation to characterize the motion amplitude was extended to the two-dimensional motion amplitudes calculated using the covariance matrix of the in-plane particle position distribution. Through this method, the motion amplitude was determined along the major axis of motion ( ), and the perpendicular minor axis of motion ( ). The ratio between the major and minor motion amplitudes is defined as the symmetry parameter (in this thesis I will use the inverse definition: = /  as this symmetry parameter is neatly restricted to the interval [0,1]). Although the stroboscopic measurements of the three-dimensional position of the particle turned out to provide useful insight into the tethered particle system, the method was not widely used in further work, likely due to the additional technical requirements. 
1.1.2. Progress in methods, theory and analysis of TPM 

data At the conception of TPM, the amplitude of motion was inferred from the width of the ovoid that is observed. With the advent of time-resolved motion tracking, more details on the motion of the particle became available. The underlying diffusive behavior, 
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entropic forces, and measurement artifacts became increasingly relevant in experiments.  
Volume exclusion force and particle effect In TPM the particle is sterically excluded from the substrate. This exclusion causes the particle to exert an entropic force on the molecular system binding the particle to the substrate. The entropic volume-exclusion force was theoretically described by Segall 
et al. in 2006.17 They obtained an estimation of the entropic force that the molecule experiences at the particle attachment point as a function of the height of the attachment point, and an estimation for the average entropic stretching force experienced by a molecule. The entropic force depends on the particle radius , the contour length of the tether , and the persistence length of the tether . To describe the scaling of the system as function of these parameters, Segall et al. defined a dimensionless number ≡ /  called the excursion number. For a particle with = 500 nm, tethered with a = 40 nm DNA tether ( = 50 nm), the effective volume exclusion force exerted on the tether is 90 fN. In 2010, the possible effect of the volume exclusion force was shown to be significant in some systems by Chen et al.18 They showed that in DNA looping experiments the loop formation rate of DNA by the Lac repressor protein was observed to decrease tenfold when an external force of 200 fN was applied with an optical tweezer.  The effect of the particle on the kinetic rates of the system was measured experimentally by Milstein et al. in an experiment comparing the effect of a 50 nm gold particle ( = 0.37), and an 800 nm polystyrene particle ( = 5.96) on looping of a 270 nm dsDNA strand by the Lac repressor protein.18 The larger particle contributed to a small observed difference in the kinetics of about a factor of two. 
Simulation of the motion of tethered particles In 2006, Segall et al. implemented a Monte Carlo based simulation method that samples the allowed states of the tethered particle, confined by the tether. The simulation probes the position distribution function of the tethered particle, which they used to verify their approximate analytical solution of the tethered particle system.17 They reported that the simulated shape of the distribution function deviates from the Gaussian distribution, as was already observed experimentally by Pouget et al.14 Nelson et al. continued in 2006 on the work of Pouget et al.14 and combined the Monte Carlo simulation method with experimental data for particles with different tether lengths.19 They demonstrated that the observed position distributions matched excellently with the simulation results, even though the simulations disregarded parameters such as roughness, electrostatic interactions, and surface stickiness. 
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Furthermore, they confirmed numerically and experimentally that the measured position distributions of the tethered particles do not follow a Gaussian distribution, a fact that had been recognized in measurements and simulations before.14,17 Up to this point, the simulations of the motion of the tethered particles resulted in the time-averaged position distribution. In 2007, Beausang et al. presented a time-resolved simulation method for TPM, in which the particle was modeled as bound via a Hookean spring.20 Manghi et al. in 2010 developed a dynamic Monte Carlo simulation method to simulate the dynamic motion of a tethered particle. In the dynamic Monte Carlo simulations, the particle and the tether were explicitly simulated, taking the hydrodynamics near the surface into account.21 In 2016, Merkus et al. used a Molecular Dynamics simulation method to investigate the surface encounter rate and kinetics of bonds between particle and surface in tethered particle systems.22 The encounter rate of the particle to the surface depends on the constraints of the tether, and the diffusion of the particle and therefore contributes strongly to the kinetics of interactions between the particle and the surface. 
Data analysis methods In TPM, the recorded particle motion data is analyzed to extract information about the underlying molecular bond system. The motion data corresponds to snapshots of the particle position over time, and any derived parameters, e.g. step size. There are several methods available for the analysis of the motion data with discrete particle mobility states. Histograms of motion parameters can be used to discriminate between the different mobility states.23 Filtering of motion data is often required due to the random character of the Brownian motion of the particle, causing the position of the distributions of both binding states to overlap significantly. Applying filtering leads to improved separation of both distributions, but simultaneously leads to a decrease in the time resolution of the system.19,23  Beausang et al. devised a method in 2007 to improve the analysis of particle motion data when the discrete states of the system are known. The analysis method is based on diffusive Hidden Markov Modelling (dHMM),24 combined with a model of the Brownian diffusion motion, to extract the required kinetic data from the experimentally observed radial position data.25 The analysis method was demonstrated on experimental data of DNA looping by the lambda repressor protein.25,26  In 2010, Manzo et al. developed a data analysis method based on maximum likelihood detection of state transition events in the motion data.27 This method is based on a method developed for detecting changes in the intensity in single molecule measurements.28 The change points of the particle mobility were determined by 
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progressively scanning the radial motion data and identifying statistically significant changes in the distribution of the radial position data. An advantage of this method is that it doesn't assume any kinetic model for the analysis of the motion data, which happens in the Hidden Markov Modeling method.  
Effect of detector acquisition times The observation of the particle position has an inherent time-averaging effect. In the original motion blurred TPM experiments this effect was purposefully leveraged. In current measurements, the effect is still implicitly present due to acquisition times required for the functioning of the detector. The time-averaging effect was first recognized in the single molecule tracking literature.29,30 In 2009, Han et al. calibrated how the observed tethered particle motion is affected by the acquisition time.31 
Time resolution of TPM measurements The system design parameters, e.g. tether length and particle size, affect the behavior of the system. The effect of the choice of system design parameters on the time-resolution was investigated by Manghi et al in 2010.21 The time-resolution of the system is determined by the choice of the tethered particle system. The velocity of the diffusing particle and the available range of motion determines the characteristic time over which the particle explores the available position distribution. The characteristic relaxation time also determines the rate at which the correlation in the particle position distribution is lost. The relaxation time determines the sampling rate of the particle, and with that the highest attainable time-resolution of the system. In addition to the system design parameters, Manghi et al. identified several contributions to the highest achievable time-resolution of the system. These contributions are quantified, and, where possible, Manghi et al. describe how these effects can be corrected for. The first contributions are the hydrodynamic effects occurring near the substrate, which lower the diffusion rates of the particle close to the substrate. Secondly, the particle and tether have hydrodynamic interactions, and finally, the data analysis method they describe has a time-averaging effect, for which the observation data needs to be corrected. Furthermore, Manghi et al. devised a dynamic Monte Carlo simulation method for the simulation of time-dependent tethered particle motion, in which the motion of the particle and the tether are explicitly simulated. 
Arrays of particles The rate at which statistics can be gathered scales linearly with the number of tethered particles. In 2012, Plénat et al. reported a high-throughput method for tethered particle motion experiments, based on a substrate which was functionalized with spots in an 
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array geometry.32 Binding of the tethered particles occurs on the nano-array, distributing the particles evenly. A total of 500 tethered particles could be simultaneously observed on the nano-array, strongly improving the data gathering rate.  
1.1.3. Application of TPM in molecular research In the previous section, the focus was on historical development of TPM as a technique, the theoretical understanding and the interpretation of the TPM results. In this section, an overview is given of the application of TPM in the research of molecular interactions. A division is made between publications that study the interaction between the DNA tether and proteins, and publications that investigate properties of the tethering molecule itself. 
Properties of the DNA molecule Tethered particle motion has been applied from its very conception to measure the contour length of the tethering DNA molecule.6,10,12,14,17 Furthermore, TPM has been used to measure the persistence length of the DNA tethering molecule19 as function of the buffer conditions,31,33,34 and to compare observed persistence lengths with theoretical models.35 Recently, TPM has been used to investigate the occurrence of bends in DNA due to specific sequences of DNA.36 Additionally, it has been shown that using TPM the viscosity of the buffer can be measured.34,37 These results illustrate that TPM is a highly sensitive technique for measuring the local environment of the tethered particle. 
Protein - DNA interactions Originally, TPM has been used to determine the kinetics, processivity,6,10 and transcription termination12 of RNA polymerase. In addition, the looping of DNA by proteins has been investigated, where the looping leads to a change in the contour length. The proteins bind to two specific sequences along the DNA strand, creating a loop in the DNA tether. The lactose-repressor protein, which can bind simultaneously to two operator DNA sequences, is a well-known example.11,38,39 Other proteins that induce DNA loops are endonuclease SfiI,40  λ-repressor CI,27,41 and restriction enzymes NaeI and NarI.23 The kinetics of recombinases,42–45 and endonuclease T7,32 have also been investigated using TPM. TPM has proven itself to be instrumental for the investigation of the properties of single molecules and their interactions. 
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1.2 Challenges in single molecule research and 
diagnostics The focus of TPM in the published scientific literature has been on the investigation of molecular system and the local environment as a research tool. It is perhaps surprising that TPM has not yet found applications outside scientific research. In this section, two possible application of TPM for biosensing systems will be explored and the relevance to society is introduced.  

1.2.1. TPM for point-of-care biosensing applications For general practitioners and medical specialists, establishing a diagnosis, the process of determining what the underlying cause of the symptoms of a patient is, is one of the main challenges. In our current world, with an aging population, there is a need for reliable tools that can assist medical caretakers in the full diagnostic process.  From a medical diagnostic point of view, the result of a diagnostic test should be sensitive, specific, and reliable for its purpose, in order to prevent a misdiagnosis. In order to be practical for the doctor and the patient, the test should be as fast and as easy to perform as possible, preferably so that the diagnostic result can be obtained while the patient is present. In some cases, it could be advantageous for the patient to be able to perform the test by himself or herself, e.g. blood glucose measurements that are used by diabetic patients to monitor their state and aid in the self-administration of insulin. From a logistics point of view, the diagnostic tool should be small and easy to transport, have a long shelf-life, and should be resistant to fluctuations in the environment, e.g. temperature, moisture and light. Finally, to be economically viable, the diagnostic tests should be affordable and decrease the overall costs of the diagnosis and treatment of the patient. These requirements are phrased in a general way. This is because the exact requirements can vary significantly, and should be determined per medical application case. For example: acute, life-saving diagnostics performed in hospitals have very different requirements than a self-diagnosis test, such as the blood glucose meter. 
Point-Of-Care Testing One type of diagnostic testing is the so called Point-Of-Care Testing (POCT).46 In Point-Of-Care testing, the diagnostic testing occurs close to the point where the patient is receiving care. This can be at the bedside of the patient, at the desk of the general practitioner, in an ambulance, or with a patient that requires regular self-tests (such as blood-sugar measurements). The test is conveniently performed on location, and the test result is obtained quickly. A Point-Of-Care testing system has a few clear advantages over traditional testing, which is generally performed in a medical 
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laboratory by trained operators, a process that takes additional time. A Point-Of-Care Test allows the medical care-provider and patient to immediately evaluate the test result, and make decisions accordingly. Furthermore, Point-Of-Care testing can relieve the use of traditional medical infrastructure, like hospitals and laboratories, and has a potential application in the developing world where medical infrastructures are less developed.47 A survey among primary care physicians in five countries has shown that they are eager to use a variety of Point-Of-Care Tests.48 The specific requirements for Point-Of-Care Testing systems are that the measurement system should be small, affordable, easy to operate, and provide a fast, reliable result.49 Small, such that the device can be easily kept in the office of a general practitioner, in an ambulance, or carried around by the patient himself or herself. Affordable, both the procurement cost of the device itself, and the cost-per-test should be low for the system to be viable. Easy to operate, such that a medical care-provider, or in some cases the patients themselves, can operate the device and interpret the result reliably, with a minimum amount of training. And fast, typically within minutes, such that a result can be obtained within the timeframe of a medical visit. If these criteria are met, Point-Of-Care devices have great potential for extending the diagnostic capabilities of medical care-providers. A Point-Of-Care Testing system can be based on a variety of methods, ranging from non-invasive sensors, e.g. spectral measurement of blood oxygenation by pulse oximetry meters and some types of breathalyzer tests, to test-strips based on biochemical detection methods, e.g. pregnancy tests and blood glucose measurements. In many tests the concentration of specific analyte molecules are detected, which are often a marker for a certain disease.50,51 The concentration of a biomarker gives a measurement of the biochemical state of the patient, but the interpretation can depend also on other factors, which need to be taken into account, e.g. symptoms, patient history, age, etc. In this thesis, the interest goes out to one specific type of Point-Of-Care Testing principle: the particle based biosensor. 
Particle based biosensor A biosensor is an analytical device for the detection of specific analyte molecules.52 The analyte is detected through a physical and/or chemical process, which is measured by a transducer. The presence of the analyte is determined in e.g. blood, saliva, urine, or another bodily fluid. The concentration of the marker molecule is determined, and the result is then used to aid in the diagnosis of the patient.  A particle based biosensor is a type of biosensor in which small particles are used as labels for the detection of the analyte molecules. Typically, these particles have a diameter in the range from a few nanometers up to several tens of micrometers. The particles can be made from a range of different materials, but mostly consist of 
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polymers and metals. The surface of a particle can be functionalized with biomolecules such as antibodies or nucleotides to fulfill a range of different tasks.  An example of a particle based biosensor that operates with magnetic particles is shown in Figure 1.1.53 The particles have a diameter of a few hundred nanometer, and have superparamagnetic properties due to paramagnetic material in the core of the particle. With the addition of the paramagnetic material it becomes possible to actuate the particles within the biosensor using magnetic fields, while the paramagnetic character is chosen such that the particles will quickly lose their magnetization after removal of the field. The surface of the particles is functionalized with antibodies that recognize and bind to the analyte molecules. These particles perform several functions critical to the biosensor. The fluid, or matrix, in which the analyte concentration is going to be determined, is introduced into the biosensor. First, the particles are dispersed into the fluid, where they start recognizing and binding to the analyte molecules of interest. This association process is often diffusion limited, and for low analyte concentrations it can take a significant amount of time to bind enough analyte molecules.54 By actuating the particles magnetically, dragging them through the fluid, effectively mixing the fluid and particles, it is possible to improve the rate at which the association reaction of analyte-molecules to the particles occurs.55,56 Next, the particles are magnetically brought to the sensor surface, where a secondary antibody can bind to the analyte molecules. If a particle bound analyte molecule is recognized and bound by the secondary antibody, the particle will become bound to the substrate. The detection of a surface bound particle then indicates the presence of an analyte molecule, which can be done using optical observation of the surface bound particles. 

 
Figure 1.1: illustration of the workflow of a particle based biosensor. (a) the sample is 
introduced in the biosensor and the particles are dispersed in the fluid, in which the analyte 
concentration is going to be determined. Antibodies on the particles bind to the analyte 
molecules. (b) the particles are magnetically pulled to the measurement surface, where 
secondary antibodies bind to the analyte molecules captured by the particles. (c) reversed 
magnetic pulling removes unbound particles. Reproduced from Bruls et al.53 with permission 
of The Royal Society of Chemistry. The biosensor concept described in the previous paragraph is used in the Philips Minicare product line, which measures the concentration of cardiac Troponin-I (cTnI) proteins in blood from a small finger prick. The protein cTnI is released into the bloodstream after myocardial infarction and is a well-established marker for cardiac infarction.57  
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Non-specific binding in biosensors A general challenge that arises in biosensing assays is the occurrence of non-specific interactions. In a fundamental definition, non-specific interactions occur between all molecules, and the term corresponds to interaction through the London dispersion force of the van der Waals interactions. Specific interactions, on the other hand, occur due to the presence of electrons and positive charges near the formed bond.58 In the context of a biochemical assay the definition of non-specific binding is different, and has been defined to relate to bonds that form with impurities in the assay,59 regardless of the physical origin of the interaction. In this thesis, I will use a slightly different definition of the term non-specific interaction. A non-specific interaction (or bond) is an interaction which occurs in the biochemical system between molecules that are not designed, artificially or naturally, to interact via that pathway, and interferes with the intended function of the system. Specific interactions are the interactions that occur in the system, which are essential for its proper function.  In a biosensor, non-specific interactions are often observed due to the heterogeneity of biochemical systems, and the complexity of the matrix in which the measurement is performed. These non-specific interactions interfere with the measurement and therefore can lead to measurement outcomes that do not reflect the actual concentration. For example: if a molecule in the matrix has a non-specific interaction that activates the same reaction pathway as the specific interaction, the specificity of the biosensor is lost and the biosensor will measure the combined concentration of the non-specific and specific binding molecule. If, for example, a non-specific bond occurs between a specific capture molecule and another molecule, inhibiting the normal binding of analyte molecules for detection, the sensitivity of the biosensor is decreased.  Biosensors are designed to be robust to non-specific interactions. They employ strategies like sample filtering, internal calibration measurements, and corrections for the amount of non-specific interactions that occur in the system to get reliable readings. Even though such strategies work well, the non-specific interactions still introduce a degree of variability in the measurements. This limits the performance of the biosensor, specifically for measurements of low analyte concentrations, where the influence of the non-specific interaction is relatively the largest. To improve the sensitivity of biosensors it is therefore important to decrease the number of non-specific binding events, and to implement methods that allow for the discrimination of specific and non-specific binding events. 
NextDx collaboration The first part of the thesis describes work that was performed in the context of the NextDx project. The NextDx project was a collaboration between several academic and industry partners, funded by the European Union within the Seventh Framework 
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Program. The aim of the project was to develop and demonstrate an integrated platform for the ultrasensitive detection of proteins directly in blood plasma, and to integrate the technology in a prototype biosensor for biomarker detection, i.e. the detection of cardiac Troponin I in blood plasma.  Within the NextDx project we have focused on the motion of the surface bound particles that occur in the biosensor. Analysis of the particle motion is expected to enable differentiation of different bond types in a particle based biosensor. A particle that becomes surface bound via an analyte molecule will have a distinct molecular system binding the particle to the substrate; the specific interaction consists of an antibody pair that binds to the analyte molecule, with one antibody on the substrate, and one antibody on the particle. The non-specific interactions form via other molecular pathways, and can therefore have a different length of the system binding the particles to the substrate.  In our contribution to the NextDx project we have systematically investigated the motion that is observed from substrate bound particles which occur in TPM experiments in general, and specifically in particle based biosensor assays.60 In this investigation, particles were used that are typically utilized in particle based biosensors, i.e. one micrometer sized, superparamagnetic, polystyrene particles. As a model system for the molecular system tethering the particle to the substrate, a dsDNA tether of 40 nanometer was used. This is significantly shorter than the typical tether lengths used in TPM experiments, and was chosen to reflect the typical molecular bond length that is formed between the particle and substrate in an immunoassay biosensor. The particle motion was studied as a function of the tether density, surface roughness of the particles, and was compared to numerical simulations of the tethered particle motion. Several classes of particle motions were identified and related to the underlying heterogeneous molecular system. Furthermore, we showed how specific and non-specific tethers can be distinguished, and proposed a method based on the analysis of the motion of the particles that can be used to extend the dynamic range of biosensors. Moreover, several contributions were made to the NextDx project in terms of the characterization of surfaces, particles, and the analysis of motion. These results were shared within the NextDx consortium and fall outside the scope of this thesis.  
1.2.2. Molecular patient monitoring Biosensors play a role at the beginning of the medical process, and during treatment can be used to monitor the condition of the patient. Monitoring the condition of a patient is important for people who are vulnerable and dependent on medical care, e.g. intensive-care patients, cancer patients, and patients with a compromised immune system. For such patients, careful continuous monitoring of their condition is essential 
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in the treatment and even more so in the prevention of further complications. Current state-of-the-art monitoring systems follow the vital functions of the body such as heart rate,61,62 blood pressure,63 respiratory rate, blood-oxygen content,64 and body temperature. These parameters relate to vital physiological systems, but do not give information about the molecular state of a patient.  Two types of patient monitoring can be distinguished based on the timeframe of their operation. The first type of monitoring is long-term periodic monitoring. This is often performed in an ambulant setting, for example as patient follow-up tests, or for medical screening in population risk groups. This type of monitoring aims at detecting slow changes, and does not guarantee detection within a time constraint. The second type is real-time monitoring, where the state of the patient is determined at a frequency high enough to detect changes timely. The aforementioned monitoring systems of patients’ vital functions are examples of real-time continuous monitoring systems. A key example of real-time molecular monitoring systems are sensors that monitor blood-glucose levels.65 These sensors aid diabetes patients in controlling their blood-sugar levels better than conventional periodical finger-prick measurements.66,67 Molecular monitoring has been shown to have the prospect of providing early-diagnosis and improved clinical outcome. For example, monitoring of the BCR-ABL micro-RNA levels in Chronic myelogenous leukemia (CML) patients is an important clinical tool for prediction of the response and relapse of CML.68 For immunosuppressed patients undergoing allogeneic bone marrow transplantation, infections with any adenovirus species may cause life-threatening complications; monitoring, and therefore early detection of adenovirus DNA in peripheral blood is expected to contribute to improved clinical outcome in these patients.69 Real-time continuous monitoring with molecular biosensors has therefore a large potential to improve the treatment of patients. Two (overlapping) themes of molecular monitoring can be distinguished; the first monitors the course a disease is taking by continuously monitoring the concentration of a relevant biomarker, the second monitors the efficacy of an active treatment, e.g. by measuring the concentration of the medicine, or the patient's biochemical response to the treatment.  The sensing principles underlying real-time monitoring systems are subject to specific requirements. The system should be based on a principle that does not require the use of reactants for the readout of the response; reactant depletion would lead to sensor readout changing over time, requiring either impractical reactant replenishing, or correction for the reactant loss, and consequently a strongly limited monitoring lifetime. Furthermore, the signal generation principle must be reversible to handle increases and decreases in analyte concentration; and because the monitoring system is in contact with the patient's internal environment, must be biocompatible, sterile, and most of all safe. 
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In the second part of this thesis we propose a method based on tethered particle motion for the continuous monitoring of the concentration of analyte. In this method, particles are tethered to the substrate and are functionalized so that they can form an additional bond with the substrate in presence of the analyte molecule. This additional bond leads to an observable change in the motion of the particle. By measuring the dynamic response of the system to the analyte molecules, it is possible to determine the concentration of the analyte molecule continuously. Because the entire tether-particle-substrate system is stable, it is possible to exchange the matrix in which the measurement is performed and measure changes in the analyte concentrations. 
1.3 Outline of the thesis Two main themes are treated in this thesis. The first part (chapters 2 and 3) describes the particle motion of particles that are bound to the substrate with a static tethering geometry. The second part (chapters 4 to 6) describes the particle motion of time-varying, dynamic tethered particle systems in which the particles can form additional short-lived bonds with the substrate. Chapter 2 gives the basic theory behind tethered particle motion and the parameters with which the motion of the particle is described. Furthermore, calibrations of the optical system are described. Chapter 3 describes the relationship between the particle-tether-substrate system and the observed particle motion. Through systematic experimentation we show how the particle motion depends on the tether density and the roughness of the particle. The experimental results are complemented with numerical simulations of the theoretically expected motion patterns for the used molecular systems. From the experiments, six classes of motion patterns are identified and related to the underlying molecular system in terms of number of tethers, particle roughness, and other effects. The relevance of these motion patterns is discussed for the application of motion pattern analysis in biosensors in terms of discrimination between specific and non-specific bonds, and the dynamic range of the sensor.  Chapter 4 changes the focus of the thesis to the dynamic TPM systems. An overview is given of the theory to describe the reaction kinetics of the system. Furthermore, the thermodynamic stability of DNA interactions is discussed.  Chapter 5 outlines an analysis method for the detection of dynamic changes in the motion of tethered particles. The analysis method consists of two parts; the first part is an analytical method which quantifies both the significance of an observed change in a series of data points, and the time point at which the change has occurred; the second part is the data analysis algorithm, which uses the analytical method to identify 
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the changes in the motion of the particle. The performance of the analysis method and the algorithm are assessed using artificial and experimental data. Chapter 6 describes the dynamic TPM based biosensor for the continuous monitoring of the analyte concentration. The system is designed to detect a short ssDNA model analyte molecule via a secondary bond that can form between the particle and the substrate in presence of the analyte molecule. The particle motion switches dynamically between binding states, which is analyzed using the algorithm discussed in Chapter 5. The system response as a function of the analyte concentration is measured, as well as the recovery of the system response after lowering the analyte concentration. The kinetics of the system are discussed in relation to the system design parameters. The outlook of applying the biosensor method for molecular monitoring is discussed. Chapter 7 concludes the thesis and gives an outlook for the application of tethered particle motion for biosensing. Opportunities are discussed for the valorization of the tethered particle motion technique in the field of molecular monitoring.
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Chapter 2. Theory and basics of TPM 

The measurement technique of tethered particle motion rests on two pillars; the ability to track a particle with a high position resolution, and the ability to tether the particle to the substrate. In this chapter, these basic pillars of TPM will be discussed. In the first section, the imaging and tracking of a particle is described. The theory of particle tracking is discussed; the spotlight is put on the contributions that determine the accuracy of the particle tracking. Three different illumination techniques are compared and discussed in terms of their advantages and weaknesses. The second section introduces the tether and its behavior; the biophysical properties of double-stranded DNA molecules, which are used as the tethering molecules, are discussed. Then the physical models are introduced with which the behavior of most polymer chains, including the DNA tether can be described. In the final section the methods for the analysis of the shape of the motion patterns are discussed and a simulation method is described with which the shape of the motion patterns of tethered particles can be predicted and verified.  
2.1 Tracking the motion of particles The tracking of particles is essential in tethered particle motion measurements. The particles can be tracked with an accuracy on the order of nanometers, well below the wavelength of the illumination light. In this section, these methods are outlined and discussed for the different options of microscopy techniques.  
2.1.1. Observation of the particles The typical size of the particles used in TPM is in the order of tens of nanometers to several micrometers. Consequently, a magnifying optical system is required for the observation of the particles at an appropriate resolution. In experimental setups, this often corresponds to a microscope setup, but any appropriate magnifying system would work.70 The magnified image is recorded with a camera for analysis. The observation of the particles therefore occurs in the far-field.  The resolution of a traditional microscope (with wide-field illumination and far-field detection) is diffraction limited; the smallest resolvable feature size  is: 
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= 2 , (2. 1) 
where  is the wavelength of the light,  is the refractive index of the medium, and  is the maximum angle (with the optical axis) from which light is observed. The numerical aperture is a dimensionless number often used to describe the light collecting optical system: = sin . Modern light microscopes have typical numerical apertures of 0.8 −  1.6, limiting the resolvable features in green light with a wavelength = 500 nm even in the best case to about 140 nanometer. Any object with features close to the resolvable feature size will appear significantly blurred. The way that an object is projected onto the camera is described by the point spread function (PSF) of the optical system. The point spread function corresponds to the image that the optical system creates when imaging a (Dirac-Delta function like) point-source. From the point spread function the projected image of an object can be determined; the image is decomposed as a superposition of many point-sources, and the resulting image is the corresponding superposition of point-spread functions. The point spread function is defined in three dimensions, but when the objects are close to the focal plane the point spread function can be approximated as a two-dimensional operator. The point spread function depends on the details of the optical system. For a high quality optical system, the best projection that can be made corresponds to the diffraction caused by an ideal lens: the Airy disc. The Airy disk is the diffraction pattern that results from the aperture of the lens. The intensity of the diffraction function is given by:71,72 

( ) = 2 ( )  with = 2 , (2. 2) 
in which  is the central intensity,  is the first order and first kind Bessel function,  is the aperture radius, and  is the angle of observation. The Airy disc has a blurry central spot with weak secondary rings around it. For many purposes, including ours, the Airy disc can be approximated as a Gaussian peak, ignoring the rings around it (compare the full Airy disc profile and the Gaussian approximation in Figure 2.1). The projection of the particle is thus the convolution of the particle with the point-spread-function. For small particles, this can be approximated by a Gaussian spot, with a variance that combines the radial size of the particle and the optical blurring effect.  
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Figure 2.1: comparison between the Airy disc and the Gaussian approximation. Left: 
normalized intensity cross-section as a function of the observation angle expressed as 

. The intensity is normalized with regard to the intensity in the center of the spot. 
Right: images of the two-dimensional intensity profiles; in the top panels the Airy disc is shown, 
in the bottom panels the Gaussian approximation is shown. The two right panels show the 
logarithmically scaled intensity plots. Each photon that is detected by the camera corresponds to a direct sampling of the Gaussian intensity profile of the particle, which is centered around the position of the particle. In other words, each photon is a measurement of the position of the particle with a standard error that is equivalent to the standard deviation  of the Gaussian spot. Thus, ignoring imaging and noise effects, the position of the particle is: 

= 1 , , (2. 3) 

 and is determined with a standard error along each coordinate:  SEparticle position = σspot √N⁄ , (2. 4) where  is the number of photons. This implies that the error with which the position of the particle can be determined, decreases with the number of photons. For =800 nm a total of 6.4 ⋅ 10  observed photons yield a standard error in the position determination of 1 nm. The accuracy of the particle tracking can be improved by reducing  or by observing more photons.   In a system where the particles are observed using a camera, three factors contribute to the uncertainty in the particle position: the spot size, the pixel image size, and the 
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background noise. The pixel contribution is added because of the uncertainty in the arrival position of the photon on the pixel’s sensor surface. And finally, the camera noise contributes to the uncertainty of the particle position. The standard error of the particle position then becomes, in good approximation:73 
particle position = + 12⁄ + 4√ , (2. 5) 

where the first term corresponds to the spot size, the second term to the pixel contribution, and the third term corresponds to the camera noise contribution. The pixel size is represented by the parameter , and the standard deviation of the noise 
per pixel by the parameter . In equation 2.5, the third term scales with . The contribution of the background noise is therefore dominant for low signal strength and becomes negligible with large . An extensive discussion on tracking accuracy of single molecules/small particles, and considerations on the optimization of pixel size of the camera, is given by Thompson et al.73 
2.1.2. Particle localization from microscope images Several methods can be used to determine the center of an imaged particle. Calculating the average position of all photons recorded from a single particle is a straightforward method for determining the position of the particles center.13,14 Because the particles are imaged with a camera, the recorded signal is the response of the camera to the number of photons that arrived. If the response is linear with the number of photons, the signal can be used directly as a measure of the number of photons. Otherwise a correction via a calibration curve may be required. With the intensity of light per pixel known, the center of the particle can be calculated with: 

= 1 ⋅ ⋅ (2. 6) 

using a summation over the pixels in a region of interest defined around the particle, where  is the intensity of pixel  at position , and the total intensity is . The formula used to calculate the position of the particle is equivalent to the formula used to determine the center-of-mass of an object with the mass of a section of the object exchanged for the intensity of the pixel. This method is therefore referred to as the center-of-intensity method. The main advantage of this method is that it is computationally quick and easy to implement. The drawback is that all noise is weighted equally, e.g. in the edges of the region-of-interest where data points can be weighted less, and that any background light is included in the position measurement of the particle.73 The contribution of a nearly constant background light can easily be 
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corrected for by subtraction of the background signal. The center-of-intensity method is suited for measurements with a high signal-to-noise ratio and settings in which the computational requirements are limiting, e.g. in an integrated biosensor system. The second method is to perform a least-squares fit of the intensity profile of a single particle with a two-dimensional Gaussian function.73 As fitting parameters, the position of the intensity profile and the standard deviation of the Gaussian spot are used. The model can be extended with the background intensity, ellipticity, and orientation of the spot as additional parameters, or with a model that takes the full point-spread-function into account. The main advantage of this method is that noise contributions in the tail of the spot do not contribute heavily in the fit. And information can be obtained on the shape of the spot, for example for tracking the height of the particle.74 This comes at the disadvantage of the fitting routine being computationally expensive. The full least-squares fit is therefore used in situations with a low signal-to-noise ratio, and where no limitations on the computational power exist. All particle localization methods are, due to the finite exposure time required for recording a frame, affected by the motion-blur phenomenon.30,31 The particle will move during the exposure and consequently the recorded particle position corresponds to the average position of the particle during the exposure. For a free diffusing particle, the effect on the observed particle motion is minimal as a freely diffusing particle stays around its starting location: ⟨ ⟩ = 0. The measured position thus corresponds to the position of the particle at the start of the exposure, with the motion blur introducing some uncertainty. This is not the case when a particle is confined, as it skews the position distribution of the particle towards the center; at very short exposure times the position distribution of the particle is sampled, while at long exposure times the center position will be found. Therefore, if interpretation of the absolute particle position is required, the motion-blur effect should be minimized.  In many situations, more than one particle is tracked per field-of-view. A rough localization of the particles is required in order to determine the region of interest (ROI), in which the position determination methods outlined above can be used. A suitable method is to use a mask that corresponds to the spot observed from the particle, and convolute the mask with the image. The mask should be defined such that the summation over the mask is zero; this ensures that if the convolution is performed on an image with constant background intensity, that the background will not lead to a signal. Then the result of the convolution is a map, where the local maxima can be used to define the ROI in which the position of the particle can be determined. The presence of noise can cause a local maximum in the convolution. A threshold is applied to the value of the local maximum, or equivalently the intensity of the spot, to filter the noise from the particles. In our experiments, the threshold is set to a value of 0.05 times the maximum observed convolution value. The threshold is set purposefully low to account for occasionally observed clusters of particles with intensities significantly higher than would be expected for a single particle.  
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2.1.3. Imaging techniques For the imaging system of the particles multiple options are available.70 In this section, we will compare three techniques that can be used to illuminate the particles: conventional bright field and dark field, and evanescent field illumination. The three compared illumination techniques are shown in Figure 2.2.  

 
Figure 2.2: Schematic drawing of the three illumination techniques examined for measuring particle positions. The light paths are shown in yellow (white light source), and the excitation light for the evanescent wave, is shown as a red light beam. The particles are shown as orange circles, attached to the substrate (dark blue) via a black line representing the tether. Lenses are shown in light blue; the lens above the sample is the focusing lens of the condenser, the lower two lenses represent the lens system in the objective and the microscope. Scattered light that reaches the CCD camera is sketched as rays of light. a) Bright field illumination is created by direct illumination of the sample. b) Insertion of a beam block changes the system to dark field illumination where only scattered light is observed. c) Evanescent wave illumination; the excitation light creates an evanescent wave at the substrate interface.  In bright field, the sample is directly illuminated by the beam and the sample is directly observed via the microscope objective; bright field is the standard microscopy 
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technique. High illumination strengths can be easily reached, while alignment of the illumination light is fairly simple. Objects in the specimen scatter and absorb illumination light and appear darker against the bright background. Small objects, e.g. the micrometer sized or smaller particles used in tethered particle motion experiments, do not generally scatter and absorb enough light to appear fully black in the image. This is an intrinsic disadvantage of bright field for particle tracking, because the signal from the particles does not use the full dynamic range of the camera. Diffraction rings that are observed around the particles in bright field (compare the profiles of the particles in Table 2.1). In practice this means that less particles can be observed simultaneously, or alternatively complex image deconvolution techniques need to be used. In a dark field microscopy setup, part of the illumination beam is blocked with a beam block as shown in Figure 2.2. The beam block is placed such that illumination light cannot propagate directly to the objective. Only light that is scattered by the specimen can reach the objective. Therefore, the background image is dark, and the particles appear bright. However, as the background intensity is nearly zero, the full dynamic range of the camera can be used and the Poisson shot noise in the background is in absolute sense smaller than in bright field imaging. Due to the angle restrictions on the illumination light, the objectives that are typically used for dark-field microscopy have a lower NA (below 0.8) compared to bright field illumination. The spot size of the observed particles in dark field microscopy is therefore slightly larger compared to bright field. Alignment of the illumination beam on the sample requires slightly more care, as the apex of the illumination light-cone should align with the specimen. However, in general the signal to background makes dark-field illumination the better choice. The third illumination technique is evanescent wave illumination. In this setup, either a beam of light is reflected on the surface at an angle larger than the critical angle in TIRM (Total Internal Reflection Microscopy), or the substrate functions as a waveguide, which leads to an evanescent wave emanating from the waveguide. Waveguides were used for the measurements within the context of the NextDx project.75 The evanescent wave intensity falls off exponentially with the distance from the surface. The penetration depth of the evanescent wave is a function of the wavelength, the incidence angle of the light, and the contrast in refractive index. Typical values lie between 10 and 300 nm. Due to this limited penetration depth, only particles close to the substrate are illuminated. Particles outside the evanescent field, which are not of interest, are therefore not observed in the background of the measurement. The selective illumination of particles close to the substrate is the major advantage of this technique. However, the major drawback is that it is significantly more difficult to obtain sufficient light intensity compared to bright and dark field illumination. This is due to the exponentially decaying character of the evanescent field, which quickly loses intensity with increasing distance from the surface. Light 
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incoupling is also more difficult. For TIRM the illumination angle needs to be controlled to obtain the total internal reflection with the required evanescent field penetration depth. A laser can be used to increase the light intensity, but interference effects tend to create an inhomogeneous speckle pattern. In a waveguide the incoupling efficiencies are generally low. Evanescent wave illumination is therefore a technique that is used if background light from particles out of focus must be avoided. 
Table 2.1: Comparison of the experimental results obtained with dark field, bright field, and 
evanescent wave illumination. Sedimented MyOne Streptavidin C1 particles (ThermoFisher 
Benelux, Landsmeer, The Netherlands) with a diameter of 1 µm were imaged. Imaging 
conditions were optimized before each measurement to achieve the best signal-to-background 
ratio possible in the setup. The light source for bright field and dark field is the TI-DH Diascopic 
Illumination Pillar with a 100 W light white source. The light source for the evanescent field 
measurement is a 15 mW, 638 nm laser from the Nikon LU-N3/LU-N4 Laser unit. All reported 
(pixel) intensities were normalized with regard to the maximum intensity count of the camera 
(16-bit).  The total particle intensity is determined as the absolute deviation of the light 
intensity from the background integrated over the intensity profile (diameter 40 pixels). The 
width of one pixel in the image corresponds to 80 nm. The contrast is the maximum observed 
deviation from the background. The background intensity is determined from a 100 x 100 pixel 
area where no particles are observed (average ± standard deviation). The signal to noise ratio 
(SNR) is defined as the average signal over the intensity profile divided by the theoretical shot 
noise at the 16-bit camera depth.   Bright field Dark field Evanescent field 

Typical camera view (41 μm ×41 μm) 
   Light source White light White light Laser (638 nm) Magnification 90x 90x 90x 

Cross section (pixels) of the normalized intensity profile of the particle 
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Integrated particle intensity 29.7 24.0 20.3 
Maximum contrast 0.37 0.75 0.48 

Background ( ±  ) 0.554 ± 0.009 0.009 ± 0.004 0.028 ± 0.006 
SNR  40.4 36.4 34.3  

2.2 Motion and motion patterns of tethered particles The motion of a tethered particle reflects the probability of the position distribution of the particle. Sufficient time is required in order for the system to become ergodic; the observed position distribution then accurately reflects the position distribution of the system. In order to quantitatively interpret the shape of motion patterns, parameters will be defined in this section that quantify the shape of the motion patterns. The interpretation of these parameters will be discussed in the context of experimental data. Experimentally, the motion patterns are observed in two dimensions: the -plane parallel to the substrate. The relationship between the motion pattern of the particle, and the system geometry is discussed in more detail in Chapter 3. In this section, the focus lies on the quantification of the pattern shape. 
2.2.1. Quantification of motion pattern shape Due to the diffusive character of the motion of a tethered particle, sufficient observation time is required for the measurement of complete motion patterns. The motion of a tethered particle is approximated as a particle confined by the tether to a maximum excursion R from the attachment point. The diffusive motion is then described as ⟨ ⟩ = ⋅ (1 − / ) with  the characteristic diffusive timescale =4⁄ , in which D is the effective diffusion constant of the particle near the substrate.3 The diffusive timescale corresponds to the typical timescale at which the motion of the particle starts to sample the motion pattern uniformly.  We define a few parameters that quantify the shape of the motion pattern. The first parameter that describes the motion pattern is the amplitude of the motion. Several choices can be made to quantify the motion amplitude, e.g. the average, root-mean-square (RMS),13 or maximum excursion of the particle, which can be determined in 
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polar coordinates, or along a specific direction. The maximum observed excursion of the particle is determined from a single data point, which makes it sensitive to outliers in the position measurement, and is therefore an ill-conceived parameter. The average excursion and root-mean-square excursion from the center are more robust parameters as they are based on all data points. The root-mean-square excursion is an often-used parameter to describe diffusion, and is equal to the standard deviation of the position distribution measured from the central reference point. Although it is possible to calculate the standard deviation of the particle excursion directly, this disregards any directionality of the motion pattern, something that is often observed in experimental motion patterns. An elegant method to describe the shape of the motion pattern based on the covariance of the position data, is described by Blumberg et al.15 The covariance matrix  is determined from the -position data of the particle.  
= , ,, , , (2. 7) 

in which 
, = 1− 1 − ⋅ − , (2. 8) 

 is the number of data points, and  and  are respectively the position  and the mean position along axis . The covariance matrix decomposes the distribution of the data points into the four matrix entries that describe the distribution of the data points along the two main axes in the diagonal terms, and the orientation of the distributions in the off-diagonal entries. Eigendecomposition of the covariance matrix reveals the major and minor motion axis of the motion, which are perpendicular to each other. The eigenvalues λ  and  of the covariance matrix correspond to the variances of the position distribution along the major and minor motion axis (where it is taken that λ ≥ ). The corresponding eigenvectors lie along the major and minor axis respectively. The standard deviation λ  and  are interpreted as the major and minor motion amplitude (  and ) respectively. For the TPM experiments described in this thesis, the symmetry of the motion pattern has been determined from the ratio of motion amplitudes. The definition of the symmetry parameter is: 
= (2. 9) 
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such that the symmetry parameter falls within the range 0,  1 . A symmetry value of 1 corresponds to a symmetric motion pattern (circular motion pattern) and a value of 0 corresponds to a completely asymmetric motion pattern (a straight line). Note that this definition is the inverse of the definition used originally by Blumberg et al. For our definition, the obtained values are confined to a finite range in which the parameter increases with the symmetry. In Figure 2.3 several examples of motion patterns are shown.  

 
Figure 2.3: Overview of the shape parameters observed for various types of motion patterns. 
The notation   ) is used to indicate the shape parameters of the motion pattern. 
The radial confinement parameter  is determined for all motion patterns. The position 
distributions are constructed by choosing 1000 random points from 2D and radial Gaussian 
distributions to resemble often observed motion patterns. The major and minor motion axis 
of the position distribution are shown as the dark green and light green arrow respectively. 
The arrows are shown at a length of three times the amplitude of motion to better represent 
the amplitude of motion in comparison to the position distribution. For symmetric motion 
patterns, the directions of the axes are determined by small random symmetry breaking 
fluctuations in the data. The top row shows the effect of the symmetry parameter. The bottom 
row shows from left-to-right: a ring-shaped, a disc-shaped, and a bell-shaped distribution.  

2.2.2. Radial confinement parameter In experiments (shown in Chapter 3) sometimes particles are observed that are radially confined (ring-shaped and bell-shaped motion patterns). The confinement 
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strongly alters the diffusive behavior of the system, i.e. the time for the particle to explore the entire motion pattern increases significantly. For this reason, we define a parameter that quantifies the radial confinement of the system. The radial confinement  is a dimensionless number defined as 
= ̅ (2. 10) 

in which  is the standard deviation of the observed particle positions = + , and ̅ is the average observed radial position of the particle, both in relation to the center of the motion pattern.   The radial confinement parameter  can be used to filter out particles that have a motion deviating from the disc-shaped pattern. The scaling of  is such that the value of  lies within the range [0,  ∞]. Values of  for various motion patterns are shown in the bottom row of Figure 2.3. The symmetry of the motion pattern is reflected to some degree in the  parameter (compare the top row in Figure 2.3). However, the strength of the parameter lies in distinguishing ring-, disc-, and bell-shaped motion patterns, which have a symmetry close to one. Motion patterns with a typical disc-shape have a value of  close to 0.38. Bell-shaped motion patterns have a higher , the bell-shaped motion pattern in the figure has = 0.61. Ring shaped motion patterns have a lower value of : the example ring-shaped motion pattern has =0.24. Most experimentally observed motion patterns are observed with < 0.6.  The radial position of the particle is determined in relation to the center of the motion pattern. Determining the center of the motion pattern accurately is therefore important, but not straightforward for asymmetric motion patterns; ring-shaped motion patterns with strong confinement are observed to spend an unproportionate amount of time in certain sectors of the motion pattern. The mean and median values of the particle's position would be biased towards the more populated side of the pattern. The center of the pattern is therefore determined as the point between the minimum and maximum observed  and  coordinates. To exclude outliers in the measured positions from contributing to the determined center, the lowest and highest 1/3 percentile data points (a total of 12 data points per 1800 positions) of the observed  and  coordinates are ignored.  
2.2.3. Motion distribution plot In our measurements, where a field-of-view of 415 x 415  is observed (at a magnification of 20x), several hundred particles are typically measured in a single measurement series, each particle with its own motion pattern. A method is required to give an overview of the observed motion patterns. An insightful and convenient way to visualize the motion patterns of a population of particles is to display the motion 
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amplitudes and symmetry parameters of the particles in a 2D histogram: the motion distribution plot. On the horizontal axis of the 2D histogram  is placed, while on the vertical axis  is placed. The choice to use  in favor of  is a practical one. The smallest motion amplitude that can be observed is the positioning error: ≥  , leading to a minimum observed major motion amplitude: ≥  ⁄ , that is a function of the symmetry parameter. Therefore, the shape parameters used to quantify the motion pattern shape are  and , with the notation   ). For reference, each motion pattern in the population is represented as a dot. The number of counts in the histogram bin is represented with a color map. Due to the large parameter space, the number of motion patterns with a similar   ) is low, so even when thousands of motion patterns are used to populate the histogram, the local density can be low. To obtain a visual aid in determining the local density we have chosen to, instead of increasing the bin size, to visualize the local number of counts in a histogram using Gaussian weights, effectively giving the bins a Gaussian shape. The local density is then given by: ,  =
12 ( − , − ) ⋅ ⋅  , (2. 11) 

where  and  give the width of the Gaussian weight function in the amplitude and symmetry direction respectively, and ( , ) is the two-dimensional Dirac Delta function. The summation is made over all the individual contributions of the  motion patterns with their respective states   ) with = 1,  2,  ⋯ ,  . A way to obtain the Gaussian weighted histogram is to use the counts of the normal histogram and then perform the convolution with the Gaussian weight function. An experimental motion distribution plot is shown in Figure 2.4.  
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Figure 2.4: Motion distribution plot of 1  particles tethered with 40 nm dsDNA tethers. Each 
white dot ( = 442) corresponds to the symmetry and minor motion amplitude of a single 
motion pattern. The colormap below indicates the local density of the white dots. The dashed 
line corresponds to the selection criteria used to identify particles that have a motion that 
corresponds to a single primary tether; > 0.75 and 40 < < 150 . Details 
on the preparation of the system are provided in Chapter 5, appendix C. 

2.3 DNA as nature's information carrier and tether The tether used to bind the particle to the surface is a double stranded DNA molecule. This section describes first the basic chemical and physical properties of the DNA tether. Readers that are familiar with the basic properties of DNA may want to proceed directly to section 2.3.3, where properties relevant for tethered particle motion are discussed. 
2.3.1. Chemical structure of DNA The chemical structure of DNA is a polymer made out of four distinct nucleotides: Adenine (A), Cytosine (C), Guanine (G), and Thymine (T), see Figure 2.5. Each DNA molecule is a linear string of these nucleotides, linked together via covalent bonds in a 
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backbone. Each DNA nucleotide is made out of three molecular units: a five-carbon deoxyribose sugar and an acidic phosphate group in the backbone, and a nitrogenous base that corresponds to one of the four nucleotides. In the backbone of DNA, the phosphate and deoxyribose groups are placed alternatingly, covalently bound via ester bonds. A single strand of nucleotides is called single-stranded DNA (ssDNA), and for short strands (there is no well-defined limit, but typically less than 50 nucleotides) may be called an oligo(nucleotide). To indicate the orientation of the ssDNA strand, the end with the phosphate group is called the 5' end, while the end with the deoxyribose group is called the 3' group. In standard notation, the sequence is reported from 5' to 3', e.g. 5' CGCATT 3'. 

 
Figure 2.5: Diagram of the structure of double stranded DNA. The phosphate and deoxyribose 
sugar group in the backbone are highlighted with yellow and orange respectively. Each 
phosphate group in the backbone carries a charge of -1, which contributes to the bending 
rigidity of the molecule. The phosphate end of the backbone is referred to as the 5' end, while 
the deoxyribose end is the 3' end. The nucleobases A, T C and G are indicated in green, pink, 
red and purple respectively. The hydrogen bonds that form between the A-T and C-G base pairs 
and bind the two single DNA strands into the double strand are shown as dotted lines. Not 
shown is the double helical structure of DNA. Illustration by M.P. Ball, via Wikipedia (CC BY-
SA 3.0). The most common and stable form of DNA is double stranded DNA (dsDNA). Double stranded DNA is formed out of two strands of ssDNA that are complementary to each 
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other. To be complementary, the two strands should have sequences of nucleotides that match with each other when placed side by side in reverse direction (the 5' end of one strand is placed at a 3' position of the second strand). To match, the sequences should adhere to the complementarity rules; nucleotides A and T are complementary to each other, as are the nucleotides C and G when placed oppositely. Two A and T nucleotide can bind to each other with two hydrogen bonds, while two C and G nucleotides can bind together with three hydrogen bonds. Each pair of bound complementary nucleotides is called a base pair. Together, the two ssDNA strands hybridize to form a dsDNA strand. And it is only in the double stranded form that DNA obtains its characteristic double-helical shape. The properties of DNA and the stability of the dsDNA strands will be discussed in the following paragraphs. 
2.3.2. Physical properties of DNA DNA strands are bendable molecules that are constantly agitated by thermal fluctuations. The length of the molecule is defined as the contour length, which is the molecules' length at maximum linear extension; which for simple polymers corresponds to when the bonds in the chain are all placed in trans-conformation.76 For ssDNA the contour length is approximately 0.63 nm per nucleotide,77 while for dsDNA this number drops to 0.34 nm per basepair due to the helical shape of the backbone.78,79 The helical structure of DNA is illustrated in Figure 2.6. The dsDNA helix has a diameter of approximately 2 nm and makes a complete turn every ten nucleotides. The two backbones of DNA form an asymmetric double helix, in which the two backbones are not positioned exactly opposite to each other. The double helix therefore has a minor groove, in which the base pair stacking predominantly occurs, and a major groove, which is mostly empty. 
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Figure 2.6: Helical structure of DNA. The two backbones of the dsDNA molecule are shown as 
ribbons, while the nucleobases are shown as molecular ball-and-stick models. The typical 
lengths of the DNA strand and the major and minor groove are indicated. Adapted with 
permission (CC BY-SA 3.0) from an illustration by M. Ströck, via Wikipedia Under force, dsDNA can be stretched approximately 1.7 times beyond its contour length at an applied force of 70 pN, before breaking at higher applied forces.80 Under these relatively large forces the double helix of DNA is stretched and the conformation of DNA changes. At room temperature (293 Kelvin), the thermal energy = 4 ⋅10  J = 4 pN ⋅ nm is too weak to extend the dsDNA strand beyond its contour length. The molecular weight of a ssDNA strand is calculated by adding the individual weight contributions of C, G, A, and T, which are 289.2, 329.2, 313.2, and 304.2 Dalton (a unit representing the molecular weight in g/mol) respectively. To calculate the weight of dsDNA, the weight of both ssDNA strands are simply added together. 
2.3.3. DNA flexibility and persistence length The flexibility of the tether has significant impact on the motion of the tethered particle. A stiff molecule would behave as a rigid rod attaching the particle to the substrate, while a very flexible molecule would naturally curl up into a ball. DNA is a semi-flexible molecule which allows for large motion amplitudes and dynamic processes. The backbone of DNA contains a negative charge on each phosphate group which repel each other. Combined with the mechanical stability of the double helix, dsDNA is a rather stiff molecule. The stiffness of the molecule can be described using the persistence length. For a molecule of persistence length P for which ( ) is the tangent unit vector of the polymer chain at a position s (along the contour of the molecule), the time-averaged orientation of the molecule is described by the relationship:81  ⟨ ( ) ⋅ ( + Δ )⟩ = ⟨cos ⟩ = ⁄ . (2. 12) 
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The polymer behaves, for segment lengths below the persistence length, in approximation as a rigid rod, while above the persistence length it becomes flexible. However, this approximation is misleading, as the expectation value of the bend ⟨ ⟩ over a polymer length equal to one persistence length is 68°. Double stranded DNA is reported to have a persistence length of about 50 nm,82 The persistence length depends on factors such as sequence, temperature,83 ionic strength and certain ion concentrations.35 Values of the persistence length found in TPM experiments are e.g. 35 nm (in 25 mM Tris-HCl),33  and 43 nm (in 10 mM Tris-HCl, 200 mM KCl, 5% DMSO, 0.1 mM EDTA, 0.2 mM DDT and 0.1 mg/ml α-casein).17 An extensive systematic study using TPM revealed that the persistence length varies between 30 and 55 nm depending on the ionic composition of the solution.35 The effect of the salt concentration on the persistence length can be attributed to the shielding effect of ions in the buffer, modulating the repulsive force between the negative charges in the backbone. The persistence length of ssDNA is much smaller, with values between 1.5 and 3 nm in high and low salt conditions respectively.77 Therefore, a few unpaired nucleotides are enough to create a flexible hinge. 
2.4 Modeling flexible molecules A model of the flexible behavior of the tethers is required to simulate the motion patterns of tethered particles. Several models exist to describe flexible molecules, most of them originating from polymer dynamics.81 An overview of the relevant models is summarized and discussed in the context of modeling of the DNA tether. 

 
(figure continued on next page) 
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Figure 2.7: Overview of three models used for the description of the behavior of a polymer 
chain. A sketch of the system geometry is given, together with a graph of the characteristic 
bending relation in the system. Top left: the freely jointed chain with the corresponding flat 
probability function of the bend angle  between the segments. Top right: The Kratky-Porod 
model, in which the bend angle  between the segments comes at the cost of segment bending 
energy. A plot of the bend angle probability is shown for = 50 nm and = 1 nm. Bottom: 
the worm-like chain model with a plot of the mean orientation between chain segments along 
the worm-like chain, and a graph of the force as function of the extension length.  

2.4.1. Ideal chain or the freely jointed chain Several models exist to describe the bending behavior of flexible polymer chains.81 In Figure 2.7 an overview is given of the models discussed in this section. The simplest model describes the chain as a series of freely jointed straight segments. Therefore, this model is called the freely jointed chain (FJC) model. The length  of the straight segments in the model is called the Kuhn length. Due to the free joints between the segments, the chain segments make a random walk around the start position of the chain. Setting the origin of the coordinate system at the start of the chain, the endpoint  of a chain with  segments will stay around zero: ⟨ ⟩ = 0 (2. 13) analogous to a diffusing particle. Furthermore, as all segment orientations are entirely independent of each other, and the segment length is fixed, the Central Limit Theorem prescribes that the resulting position distribution must follow a normal distribution. 
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With ⟨ ⟩ = 0 and the variance = ⟨ ⟩ − ⟨ ⟩ = ⟨ ⟩ of the chain endpoint, the distribution is fully defined. Expanding the first term for N segments with an orientation vector  of length  gives us: 
⟨ ⟩ = ⋅ = cos , , (2. 14) 

in which ,  is the angle difference in the orientation of the segments. Due to the freely jointed behavior we can state that cos , = 0 for ≠  and cos , = 1 for = . This leads to the variance of the distribution: = ⟨ ⟩ = (2. 15) giving the final result that the end point of an N segment long polymer chain segment  follows a normal distribution of shape (0, ).  A relevant metric for a polymer is the radius of gyration , which corresponds to the root mean squared radial position of the endpoints of all polymer segments around the polymers center of mass. We determine the radius of gyration using the (equivalent) definition: 
≡ 12 −, = 12 | − | ⋅, = 2 2 ( − ) ⋅ ⋅ = 6  

= 6⁄ (2. 16) in which we have implicitly assumed that N is large, such that the approximation of the summation as an integral is valid, and that the determined  is the time-averaged radius of gyration. The result for the radius of gyration that describes the time RMS averaged end-point of the tethering molecule, as would be reported by an infinitesimal small reporter particle. It shows that for a long and flexible tether molecule, the tether molecule will tend to curl up into a coil due to the thermal fluctuations. The observed tether length with which a tethered particle seems to be bound will therefore be smaller than what can be expected from the contour length of the molecule. The ideal-chain model does have its limitations. The model does not take steric hindrance of a finite sized tethered particle and a substrate into account. The freely-jointed chain model is, due to its simplifications, only valid for polymer lengths exceeding the Kuhn length, which is twice the persistence length of a flexible polymer. For smaller lengths of polymer, the worm-like chain model can be used to describe the tether. As the tether molecules used 
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in our experiments is shorter than the persistence length, the worm-like-chain model is used to describe and simulate the conformation of the tethering molecule. 
2.4.2. Kratky-Porod and the worm-like chain model The Kratky-Porod model is an extension to the freely jointed chain in which the angle between the segments is determined via the bending energy.84 The energy required for a bend angle  between consecutive elements of length  and persistence length  is: 

= 2 . (2. 17) 

The corresponding Boltzmann factor is: / = ( / ) , from which the normalized probability distribution of an observed bend angle can be determined: 
Pr( , , ) = 2 (2. 18) 

The probability of observing a larger bend angle increases with larger segment lengths and decreases for stiffer molecules with larger persistence lengths. The persistence length is temperature dependent. In our case, we are interested in simulating the position distribution of tethered particles. To this end the possible conformations of the tethering molecule needs to be simulated. The conformation of a tether molecule can be numerically simulated as a series of straight segments, for which the bend angles are chosen using the bend probability of equation 2.18. In the Kratky-Porod model each segment is modeled as a straight rod, ignoring the curve arising from bending the molecule. In order to obtain a reliable result, it is necessary to discretize the molecule in small segments such that the bend angle  per segment is small. The segment length is chosen such that ≪ .  In the limit of an infinitely small segment length, the Kratky-Porod model is called the worm-like chain (WLC) model.85 The molecule is assumed to be continuously bendable in the WLC model. The main advantage of this model is that it is capable of describing the conformation of stiff, short, or stiff and short molecules, making it an excellent model for describing DNA tethers.  An important property of the WLC model is that the molecule follows the exponential relationship for the molecular orientation that we have already seen in the definition of the persistence length: ⟨ ( ) ⋅ ( + Δ )⟩ = ⟨cos ⟩ = ⁄ . (2. 19) 
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Secondly, the end-to-end distance can be shown to follow the relationship: ⟨ ⟩ = 2 − 2 1 − ⁄ . (2. 20) In the limit of ≫  a comparison of the average squared end-to-end distance ⟨ ⟩ in the WLC and the FJC model can be used to show that the Kuhn length  is twice the persistence length:33,86 ⟨ ⟩ = 2 =  →  2 = , (2. 21) tying both models and the terminology together. In this thesis, a Monte Carlo simulation method has been implemented, in which the Kratky-Porod model is used to simulate the tether binding the particle to the substrate (see section 2.5). Here we validate the implementation of the Kratky-Porod model in the simulation by comparing the results of the angular correlation along the chain and the end-to-end distance of the chain with the theoretical results for the worm-like chain model. An excellent agreement is observed as shown in Figure 2.8 for a segment length of 1 nm and a persistence length of 50 nm; the Kratky-Porod model is therefore, an excellent model for the worm-like chain. 

 
(figure continued on next page) 
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Figure 2.8: Comparison between the Kratky-Porod chain simulation results and the 
theoretical result for the continuous worm-like chain model. The model uses a segment length 
of = 1 nm, with a persistence length = 50 nm. An excellent agreement is observed over 
the entire range of simulated lengths. (a) Correlation of the orientation of the molecular chain 
over a distance  averaged over a simulated chain of 10  segments, compared to the 
theoretical expected correlation. (b) Mean squared end-to-end distance of molecules with 
different contour lengths. The contour length of the molecule is shown on the horizontal axis. 
For each simulated point, the mean squared end-to-end distance was calculated from 10  
simulations. 

2.4.3. Extension of the worm like chain The bending and coiling of a polymer molecule due to thermal fluctuations leads to a spontaneous contraction of the molecule. This effect is entropic in nature; there are many more states in which the polymer is coiled than where it is not. This leads to an effective force acting on the tethered particle. Here we describe the strength of the force. If a separating force is applied to both ends of the polymer strand, the strand will be straightened in the direction of the force. When the end-to-end distance starts to approach the contour length, the internal energy of the polymer strand is lowered, and the number of states decreases rapidly. The resulting average force  of stretching a polymer of contour length  and persistence length  to an end-to-end separation of  in the WLC model can be approximated as:87 
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⋅ = + 14(1 − ⁄ ) − 14 . (2. 22) 

This equation is asymptotically correct in the small and large force limits. Higher order corrections can be added to get an error better than 0.1%,88 and there is also an exact albeit less straightforward solution.87 Equation 2.22 indicates that the force needed to stretch the polymer scales with the ratio between /  and has a typical force that is determined by the ratio between the thermal energy and the persistence length / , which is approximately 4 pN ⋅ nm⁄ . At zero separation, the extension force is zero while the extension force goes to infinity when stretching the polymer to the contour length. A flexible tether will therefore virtually never extend to its full contour length due the thermal fluctuations. 
2.5 Simulation of motion patterns Molecular dynamics simulations such as performed by Merkus et al.22 provide detailed simulations of the diffusive behavior of a tethered particle, in which the interaction between the particle, the tether and the substrate are explicitly simulated, taking the hydrodynamic effects near the substrate into account. However, they are computationally expensive to perform and do not facilitate sampling of a large parameter space. Alternative simulation methods, such as the Monte Carlo based simulation method, allow for efficient sampling of the position distribution of the particle and therefore the observed motion pattern. This section will describe the Monte Carlo simulation method for a tethered particle and the extension of it to more complex tethering geometries. 
2.5.1. Monte Carlo simulation of TPM Motion patterns can be simulated numerically using the Monte Carlo simulation method, first demonstrated by Segall et al.17 and successfully used by others.19,33  The Monte Carlo simulation method is used to generate a series of possible system configurations. Each possible system configuration is a sample of the position distribution of the tethered particle. The tether is bound to the surface at the origin of the three-dimensional simulation space. Most biochemical strategies for binding the DNA tether to the substrate include a short but flexible carbon chain between the substrate and the tether. Therefore, the tether is given an initial random direction pointing away from the substrate. The tether molecule is built by extending the tether segment by segment until the desired length is reached. Then the particle is attached at a random angle due to the flexible hinge between the particle and the substrate. Finally, the geometrical constraints of the system are applied. The substrate is chosen to lie at ≤ 0 with the surface coinciding with the -plane.   
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Figure 2.9: Simulation of a Kratky Porod chain. The chain has a contour length = 10 μm 
and is constructed from 105 segments with a length of 1 nm each. The persistence length used 
in this simulation is 50 nm. A close-up of the chain on the right reveals the discrete segments. 
The hinge points between the particles are shown as dots. The tether molecule is built by extending the tether segment by segment. An example of a constructed chain is shown in Figure 2.9. The orientation vector ( ) defines the orientation of the Kratky-Porod segments. The orientation vector ( ) is propagated as: ( ) = ( ) ⋅ ∥ ( ) ⋅ ( − 1), (2. 23) in which ∥ is a rotation operation that rotates the orientation vector by the bend angle ( ) away from ( − 1), and  is a rotation operation that rotates over a random angle ( ) ∈ [0,  2 ) in the plane perpendicular to ( − 1). Combined, this leads to a rotation of ( ) by the bend angle ( ) in a random direction. Both ∥ and  are a function of the orientation of ( ), A simple implementation is to rotate the vector ⋅ first according to the required bend angle  and azimuthal angle , and then rotate it such that  would align with ( − 1); this involves a rotation around the  axis by the polar angle of ( − 1) and subsequently a rotation  axis by the azimuth angle of ( − 1). The full rotation operation then becomes a series of four simple rotations around the Cartesian axes: ( ) = ( ) ⋅ ( ) ⋅ ( ) ⋅ ( ) ⋅ ⋅ . (2. 24) The position vector of ( ) defines the positions where the Kratky-Porod segment connects to the previous segment. The position vector is propagated by adding the orientation vector of the previous segment to the position vector of the previous segment: ( ) = ( − 1) + ( − 1). (2. 25) 
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A segment length of = 1 nm is appropriate for tethers with > 10 nm.  The DNA tether is described using the worm-like chain model, which in the discrete approximation is called the Kratky-Porod model (see section 2.4.2). In the simulation, each segment is given a bend angle with the appropriate probability. A numerically efficient way to choose the bend angle is to use the cumulative probability function: 
Φ( , , ) = 12 + 12 erf 2 , (2. 26) 

in its inverse formulation 
( , , Φ) = 2 erf (2Φ − 1) , (2. 27) 

where Φ is a number from the closed interval (0,  1) to exclude the limiting case of infinitely large bend angles. If Φ is assigned a random value from the open interval (0,1) a bend angle  is determined with the correct weighting factor. Note that this method is significantly more efficient than randomly selecting a bend angle, and accepting it according to the probability Pr( , , ). After construction of the chain, the particle is added to the tether with the attachment point at the end position of the final segment of the tether. The angle between the final segment and the particle can be chosen appropriately for the biochemical bond connecting the tether to the particle. Analogous to the attachment of the tether to the substrate, the attachment of the tether to the particle is generally flexible. Thus, the particle can be attached to the tether at a randomly chosen angle ∈ [0,  2⁄ ] from the orientation of the previous tether segment. The particle is modelled as a sphere of the required radius  at a position . The constructed system takes the energy of the system into account through the choice of the segment bend angles . The geometrical constraints are then applied. These constraints are: no overlap between particle and substrate, > ; no collision between tether and substrate, > 0 for all ; and no overlap between the tether and the particle, − >  for all . By applying these constraints, the resulting states are found at a rate that is properly adjusted for both the number of available states and the energy of the state. Self-avoidance effects between the tether are ignored, which is valid while < ⁄  where  is the diameter of the tether.81 From the simulated states the information of interest can be determined, e.g. the particle's position which can be directly compared to experimental results. 
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2.5.2. Extension of the simulation method to more 
complex systems The simulation method described above provides a straightforward way to simulate the system states available to a particle tethered via a single tether. More complicated systems can be simulated using small additions to the system. The incorporation of surface structures (roughness) to the particle, a potential interaction contribution, the addition of multiple tethers in the simulation, and the simulation of dynamic particle motion will be discussed in the following paragraphs. 

Structured surfaces The particles used in the experiments often have rough surfaces. When the amplitude of the surface roughness is on the order of the tether length, significant effects are observed in the possible configurations, which is reflected in the motion patterns, as discussed in detail in Chapter 3. Surface structures can be implemented in the simulation by defining a roughness model that is appropriate for the surface structure. For simple surface roughness structures, the general approach outlined in the previous section can be extended through the addition of one or more spheres at predefined positions on the surface of the particle. This model can account for many particle shapes, i.e. all shapes that can be approximated as a superposition of spheres. The addition of a single protrusion on the particle, close to the tethering point is shown in Figure 2.10. 

 
Figure 2.10: Illustration of a simulated system state for a perfectly smooth particle (left), and 
a rough particle (right). The tether attachment point to the substrate at the origin are 
indicated with red crosses. The illustrated particle has a diameter of 250 nm and is attached 
via a 100 nm tether with a persistence length of 50 nm. 
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With the addition of the protrusion, the simulation excludes all simulated states in which the protrusion overlaps with the tether, or the substrate. The volume exclusion effect due to the protrusion is thereby accounted for. The protrusion plays an important role when it is located close to the tether attachment point.  
Energy terms related to potential interactions The tethered particle systems can include additional energy terms. These energy contributions are difficult to take into account while the system state is being constructed. For example, when the particle experiences an external applied force, this force acts upon the tether, altering the state of the system in a complex way that depends on the final state of the tether (which is not a priori known during construction of the state). An alternative method is to apply an appropriate weight factor, based on a Boltzmann factor, after the construction of the system state, according to the energy state of the system. The likelihood of observing a system state scales with a Boltzmann factor ⁄ . If an energy contribution Δ  is added to the system state, the likelihood of observing a system state scales ∝ ( )⁄ =⁄ ⋅ ⁄ . Therefore, the system states that are found can be weighted with the factor ⁄  to account for the additional energy contribution. It is implicitly assumed that the total number of states available to the system remains the same, i.e. the number of microstates in the partition function is unaltered, and that the potential energy is conservative. This last assumption is valid if the effect can be described using a scalar potential term. 
Double tethered particles A case where the number of microstates of the system does not remain the same is when a particle is bound by two tethers i.e. a secondary tether is introduced. Although it is possible to simulate the second tether directly on the particle, it is unlikely that the second simulated tether will end at the point where the second tether attaches to the particle. A more efficient method is using a combination of the results of the single tether simulations. Each tether contributes its own energy state to the total energy of the system. In addition, the number of microstates is altered, as the state of both tethers determines the microstate of the system. As the tether length is short, both tethers are assumed to not interact with itself nor with the other tether, analogous to the single tether case. Therefore, the presence of the second tether does not alter the microstates available to the first tether, and vice versa. The second tether just changes the boundary conditions of the system; the attachment points of both tethers need to align. Therefore, it is possible to find the system states by checking if the states of two single-tethered particles match the boundary conditions for a double-tethered particle. The boundary conditions for a double tethered particle system are: the attachment points of both 
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tethers to the substrate, and the distance between the attachment points of both tethers on the particle. The tether attachment points are input parameters for the simulation. To simulate a system where the distance between the tether attachment points on the surface is , the following approach is used. The set of simulated positions  of a single tethered particle with the tether attached to the substrate at (0,  0) is compared to the simulation positions  of a particle where the attachment point is placed at (0, ). All combinations of states  and  where the particle has the same position, within a tolerance: | − | < Δ  correspond to states where both tethers are attached to the particle. The distance between the attachment points of both tethers on the particle  is not yet determined. The distance  can be calculated and states that match the required distance  (within a tolerance Δ ) can be selected for. The states that match both distance criteria sample the position distribution of the double tethered particle with a surface separation  and a particle distance  between the tether attachment points.  Both the geometrical constraints, and energy states of the tethers are accounted for. For the energy of the double tethered state the energy of both tethers are added together. Analogous to the discussion in the previous section: the Boltzmann’ factor ∝( )⁄ = ⁄ ⋅ ⁄ . As the process of comparing the position distribution of the particle attached at (0, 0) with the one at (0, ) is effectively multiplying the probability of finding the particle at that position, the energy contributions are taken into account. This method is used in Chapter 3 to determine the motion patterns of double tethered particles. In principle, this method can be used to determine the particle motion for any number of tethers.  
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Chapter 3. Particle Motion Analysis 
Reveals Nanoscale Bond Characteristics 
and Enhances Dynamic Range for 
Biosensing 

3.1 Abstract*  Biofunctionalized colloidal particles are widely used as labels in bioanalytical assays, lab-on-chip devices, biophysical research, and in studies on live biological systems. With detection resolution going down to the level of single particles and single molecules, understanding the nature of the interaction of the particles with surfaces and substrates becomes of paramount importance. Here we present a comprehensive study of motion patterns of colloidal particles maintained in close proximity to a substrate by short molecular tethers (40 nm). The motion of the particles (500‒1000 nm) was optically tracked with a very high localization accuracy (below 3 nm). A surprisingly large variation in motion patterns was observed, which can be attributed to properties of the particle‒molecule‒substrate system, namely the bond number, the nature of the bond, particle protrusions, and substrate nonuniformities. Experimentally observed motion patterns were compared to numerical Monte Carlo simulations, revealing a close correspondence between the observed motion patterns and properties of the molecular system. Particles bound via single tethers show distinct disc-, ring- and bell-shaped motion patterns, where the ring- and bell-shaped patterns are caused by protrusions on the particle in the direct vicinity of the molecular attachment point. Double and triple tethered particles exhibit stripe-shaped and triangular-shaped motion patterns respectively. The developed motion pattern analysis allows for discrimination between particles bound by different bond types, which opens the possibility to improve the limit of detection and the dynamic range of bioanalytical assays, with a projected increase of dynamic range by nearly two orders of magnitude.  
                                                                  * Parts of this chapter have been published as Visser, E. W. A.; van IJzendoorn, L. J.; Prins, M. W. J. Particle Motion Analysis Reveals Nanoscale Bond Characteristics and Enhances Dynamic Range for Biosensing. ACS Nano 2016, 10, 3093–3101. 
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3.2 Introduction Colloidal particles have been made and used since ancient times,89 but it is only with the development of advanced microscopy techniques that the sizes and shapes of the particles could be directly observed and related to their unique properties.90 Over the past decades, colloidal particles have become available with a wide variety of well-controlled compositions of the core and capping layers. By conjugation of biomolecules, colloidal particles have become important for biological applications, ranging from bioanalytical tools in fundamental nonclinical research to diagnostic applications in point-of-care biosensors.53,55,91 Sensitive detection of DNA and proteins, 
in vitro and in vivo, has been demonstrated using several particle-based detection principles.92–95  A central property of free colloidal particles is that they exhibit rapid thermal fluctuations in position, velocity, and orientation, due to their small size. As a consequence, the particles can be used as probes to study their local environment by recording changes of their random thermal motion. For example thermally fluctuating colloidal particles are used as biophysical probes in so-called Tethered Particle Motion experiments (TPM), a method wherein a particle is tethered to a substrate via a flexible molecular tether typically of micrometer length.6,96 The Brownian motion of the particle is recorded and reveals properties such as the contour length of the tether, the persistence length, viscosity and effect of molecules interacting with the tether, 
etc.10,19,33 However, often motion patterns are observed that are not circularly symmetric as would be expected for a spherical particle attached to a single tether.97 The origin of these motion patterns is currently not understood and the resulting data is usually excluded from the analysis.   
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Figure 3.1: Sketch of the particle motion analysis experiment and the molecular model system. 
(a) Particles (orange) are tethered to a substrate by 40 nm dsDNA tethers (cyan). The 
molecular tethers are functionalized on one end with biotin for binding to the streptavidin-
coated particles, and on the other end with Texas Red for binding to surface-coupled anti-
Texas Red antibodies (purple). (b) Particle motion is recorded in a dark-field microscopy 
arrangement, with a white light source and CCD camera. (c) Image analysis: particles are 
located in every frame and the corresponding motion pattern is constructed as a dot plot. (d) 
Illustration of particles bound to a substrate through a variety of possible bonding systems. 
Molecular bonds are sketched as lines. Here we identify and characterize for the first time the molecular origin of these circularly non-symmetric and other deviant motion patterns. To this end, we have designed a new type of TPM experiment in which colloidal particles are maintained in close proximity to a substrate by a short molecular tether, see Figure 3.1. The short tether keeps the particle close to the substrate and thereby ensures high-frequency sampling of the particle-substrate interaction. A set of experiments is reported in which the molecular binding system and the particle roughness are systematically varied. The experiments are complemented by simulations in order to interpret the variety of motion patterns in terms of the underlying particle-molecule-substrate system. The experimental results show a variety of intriguing motion patterns, which we resolved with a localization accuracy of a few nanometers. By comparing measurements at controlled conditions to numerical simulations we can attribute the deviant motion patterns to variations in the number and orientation of the tethers, particle roughness and non-specific interactions. Characterizing molecular-scale interactions between colloidal particles and substrates has applications both for biophysical studies and for biosensing technologies. We show an application of the latter by demonstrating how the ability to detect the number of tethers between particle and substrate can improve the dynamic range of target detection.  
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3.3 Methods 

3.3.1. Sample preparation 

Substrate Functionalization. Glass coverslips (Menzel-Gläser, Germany) were cleaned by 5 minute sonication in acetone, isopropyl alcohol and methanol baths. Substrates were dried between each step using a gentle stream of nitrogen and stored under vacuum in a desiccator until use. Fluid cells (Grace Biolabs) with a volume of 23 µL were attached to the functionalized substrate using an adhesive layer. Functionalization of the substrate was performed by physisorption of anti-TexasRed antibodies to the glass. Antibodies were diluted in PBS to the desired concentration (8-5000 ng/mL) and incubated for 60 minutes in the fluid cell, followed by substrate blocking using 5 minute incubation of 1 wt% BSA in PBS. The fluid cells were flushed with 1 mL PBS after each incubation step. 
Particle Functionalization with DNA. Streptavidin-coated superparamagnetic particles (MyOne Streptavidin C1, Life Technologies) were incubated with 120 bp dsDNA at a ratio of 10 to 2000 dsDNA per particle. Double stranded DNA of 120 bp in length with a biotin molecule on one end and a TexasRed dye molecule on the other end have been obtained commercially from Ella Biotech (Martinsried, Germany).  The concentration of particles during the 60 minute incubation was 8.3 pM in PBS buffer. The biotin moiety on the DNA binds to the streptavidin molecules during the incubation. The efficiency of this coupling reaction was determined to be approximately 70% by a supernatant assay. The supernatant assay quantifies the concentration of unbound DNA in the reaction supernatant using the fluorescent signal of the DNA intercalating dye SYBRGreen (see supplementary data for more details). After magnetic separation the particles were washed in PBS and finally suspended in 1 wt% BSA in PBS to a final concentration of 140 fM. 
Particle Binding to the Substrate. The dsDNA functionalized particles were bound to the antibody coated substrate by incubating the diluted particles in the fluid cells for 5 minutes. The TexasRed ends of the DNA tethers bind to the TexasRed antibodies on the substrate and create the particle-tether-substrate system as illustrated in Figure 3.1a. The sample was turned upside down and stored for 10-30 minutes in order to remove unbound particles from the substrate through sedimentation. 
Polystyrene Particle Protocol. Smooth polystyrene (PS) particles with a diameter of 500 nm (Microparticle GmbH, Germany) were functionalized with antibodies against biotin. The particles were functionalized with 120bp dsDNA using the same protocol as for the MyOne particles (see above). Sedimentation of the PS particles is slower because the mass density is lower and the diameter is smaller than of the MyOne particles. Therefore, an incubation time of 15 minutes was used for the PS particles. 
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3.3.2. Particle Imaging and Tracking Algorithm Samples were studied on an inverted Nikon Ti-E microscope (Nikon Instruments Europe BV, Netherlands) as illustrated in Figure 3.1b. The particles were observed at a total magnification of 200x (Nikon objective Plan Fluor, 20x, NA 0.5) and illuminated using a darkfield condenser; particles appear as bright spots on a low intensity background. A field-of-view (FOV) of 415 x 415 µm2 can contain between a few to several thousand particles. The particles were recorded for 60 seconds at a sampling rate of 30 Hz as illustrated in Figure 3.1c. In post-processing the background light was removed using a low-pass wavelet based frequency filter.98 The location of individual particles was determined by calculating the center-of-intensity of the scattered light spots. Particle locations in subsequent frames were correlated to yield the trajectories ( ). The average absolute position   was subtracted for each particle to yield the relative trajectories ( ). A slight sample drift occurs during the experiments on the microscope. The drift of the sample was corrected by identifying a population of static particles that served as reference. Static particles were defined as particles with similar motion trajectories identified by applying a threshold p in the maximum difference in the relative trajectories  max ( ) − ( ) <   for all ≠ . The threshold p was chosen to minimize the estimated error induced by the drift correction: ∝ / ( ) where N(p) is the number of particles classified as static for the selected threshold.  The drift of the sample was determined from the average motion of these static particles and a low-pass wavelet filter was applied to suppress high frequency noise and Brownian motion contributions. The trajectories determined from the raw data were then corrected for the observed sample drift. The positioning accuracy was determined to be less than 3 nm for the 1 µm magnetic particles (see appendix A). The accuracy of the position determination scales with ~  NA  with  the wavelength of the illumination light, NA the numerical aperture of the objective and  the number of photons collected per particle in a single frame exposure. The use of darkfield illumination limits the NA to 0.5 in our setup. Brightfield illumintion would allow for a higher NA and therefore a potential higher positioning accuracy, but would yield a less optimal signal to background ratio. The positioning accuracy of the PS particles is expected to be very similar since the optical scattering signals of the magnetic and PS particles are comparable. 
3.3.3. Monte Carlo Based TPM Simulations.  Simulations of TPM based on the Monte Carlo method33 were performed in Matlab with a homemade script (available on request). The dsDNA tether was simulated with the 
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Worm-Like-Chain model84 in which the tether is a chain of semi-flexible elements. The elements bend and have a certain bending energy associated with it. The bending energy EWLC of an element with length ls and persistence length P over an angle  is:33 
= 2 (3. 1) 

The persistence length  was chosen to correspond to the persistence length of DNA: = 50 nm.83 The resulting bending probability is given by applying Boltzmann statistics to equation 1. 
( , , ) = 2  (3. 2) 

Equation 2 forms the workhorse equation for determining the bend of a WLC element in the simulation of the tether. The numerical implementation of the WLC model was validated by reproducing the analytical solutions85 for the expectation value of the bend angle along the dsDNA strand 〈 ( )〉 and the expectation end-to-end distance 〈 〉 of dsDNA strands with the simulated states. An excellent match between theory and simulation was found (as shown in the supplementary information). Particles were modelled as solid spheres attached to the tether. The connections between the dsDNA tether and the particles, and between the dsDNA and the substrate were assumed to be freely hinged. In the experiments the connections contain a carbon chain molecule between the DNA backbone and the biotin end group, and between the DNA backbone and the TexasRed end group. Single-bond carbon chains are rotationally unrestrictive and flexible and can therefore be approximated as free hinges. More complex particle geometries, e.g. particles with a protrusion, were modelled as a combination of multiple intersecting spheres. The code running the simulation repeatedly constructs system states of tethered particles. The validity of the simulated state is verified by determining if there is an overlap between the dsDNA elements and the particle, the dsDNA elements and the substrate, and the particle and the substrate. A state in which any overlap occurs is discarded. For the valid states the parameters of interest, e.g. the particle position and the tether end-point, are recorded. With the simulation of a sufficiently large number (generally > 10 ) of valid states the ensemble average motion pattern can be approximated. The Monte Carlo simulation method does not provide information on time-resolved particle motion, but very efficiently samples all possible spatial configurations of the particle. 
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3.4 Results and discussion In this section the experimentally observed different classes of motion patterns are identified and interpreted in terms of the underlying particle-molecule-substrate system. Two major contributions that determine the motion patterns are identified: particle protrusions in the vicinity of the molecular bond and the number of tethers. The validity of these interpretations is tested by experiments in which these parameters are changed and by numerical Monte Carlo simulations. 
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3.5 Observed motion patterns 
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Figure 3.2: Observed motion patterns of individual particles in different experimental 
conditions. Panels (a-c) show an overview of motion patterns observed for different 
experimental conditions. For clarity, the patterns in each of the panels (a-c) have been ordered 
from large to small and have been numbered. (a) 1 µm magnetic particles, 4 nM 120bp dsDNA 
concentration during particle incubation, 40 ng/mL (267 pM) antibody concentration during 
substrate incubation. (b) 1 µm magnetic particles with 20 nM DNA, 5000 ng/ml antibody 
concentration. (c) 500 nm PS particles with 20 nM DNA, 40 ng/mL antibody concentration. 
(d) Overview of the seven motion classes observed in the experiments, arranged in columns. 
For every motion class, three measured patterns are shown, a sketch of the cross-section of the 
pattern, and a sketch of the system geometry that gives rise to these motion types. (e) SEM 
image of a 1 µm magnetic particle and (f) SEM image of a 500 nm polystyrene particle. The tethered particles show a large variety of motion patterns, as depicted in Figure 3.2a. Different pattern shapes can be distinguished. A disc-like shape is seen in patterns 1, 2, 6, 7 in Figure 3.2a. The disc patterns are observed with different sizes, compare 
e.g. patterns 1 and 28. Disc patterns represent a fraction of about 10 to 15% of the total observed particle motion patterns at the indicated molecular concentrations.  Also ring shaped patterns are seen (e.g. 4, 8, 9, 11, 12, 14 and 20), and patterns with a dense center (e.g. 10, 23, 26, 29 and 35) which in cross-section give a bell-shaped position histogram. The disc, bell and ring motion patterns have a circular symmetry while the rest of the motion patterns are not circularly symmetric. The remaining motion patterns appear as stripes (e.g.  52, 58 and 60), triangular patterns (e.g. 36 and 49) and irregular patterns (e.g.  5, 33 and 53).  Most particles move through their full pattern in about 10 seconds, so they cover the motion pattern well within the 60 second observation time. Therefore, the shape of the observed motion pattern does not change with longer sampling times. In some cases, an inhomogeneous sampling of configuration space is observed, which can relate to particle confinement by bond tension (e.g. 11) or to molecular bond switching (e.g. 27), as will be discussed in the next sections. 
3.5.1. Circular symmetric motion patterns Four classes of motion patterns are observed with a circular symmetry; the disc, the bell, the ring and spot patterns. A spherical particle tethered to a flat substrate generates a disc-shaped motion pattern as is evident from the Monte Carlo simulation of a tethered particle in Figure 3.3a. The radius of the disc is determined by the tether length and particle diameter. The probability of observing the particle inside the disc pattern is approximately homogeneous. This is the reference motion type as has been seen in earlier TPM experiments.10,19,33,99 The bell pattern and the ring classes deviate from the disc pattern in that the probability distributions have a radial dependence that is markedly different from the disc-like patterns (cf. fourth row in Figure 3.2d).  
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We attribute the appearance of bell and ring patterns to the presence of one or more protrusions on the particle near to the molecule attachment point. Such protrusions find their origin in the roughness of the particles as visualized in Figure 3.2e. The amplitude of the surface height variation is estimated to be 100 nm. A consequence of the roughness is that a protrusion can be present in the vicinity of the tether attachment point. When a particle has a protrusion that is smaller than the length of the tether, then the protrusion will reduce the probability that the particle center moves to the most outward positions of the motion patterns, because there the protrusion has a large probability of interacting with the substrate. As the particle can reach the highest distance between particle and substrate in the center of the pattern the relative probability of finding the particle in the center of the pattern will increase, leading to a bell-shape pattern.  A protrusion can also explain the occurrence of a ring pattern. With a protrusion much larger than the tether length, none of the states with the particle near the center of the pattern are available anymore. The protrusion pushes the particle aside and stretches the tether to the opposite direction. This will lead to a motion pattern in which the particle is observed in a ring centered around the point where the tether is attached to the substrate.  The appearance of the ring- and bell-shape patterns from the presence of a protrusion was further investigated with Monte Carlo simulations as described in the methods section. The particle (Ø 1 µm) is given a small asperity by adding a sphere of 200 nm in diameter at a distance of 215 nm from the anchor point of the tether to the particle. The protruding sphere is placed such that it protrudes outward from the particle surface by 0 to 160 nm, as illustrated in Figure 3.3a.  
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Figure 3.3: Numerical simulations of the position probability maps for single-tethered motion 
with a protrusion on the particle, and for double-tethered particle motion. The tether length 
is 40 nm and the particle diameter is 1 µm. (a) Simulations of particles with a single asperity, 
for protrusion heights (P) varying between 0 and 160 nm. The plots show the simulated motion 
pattern of the particle. The probability maps have been normalized in order to highlight the 
changing pattern shapes. Below the probability maps the cross-sections of the probability 
distributions are shown, determined from all data points. The center areas have low sampling 
statistics and are therefore not shown. (b) Simulated motion patterns of double tethered 
particles without protrusions for different tether geometries, represented by ds (distance 
between tether attachment points on the substrate) and dp (distance on the particle), see the 
inset. A distance difference (|dp-ds|≠0) implies a pre-stretch of the tethers. Stripe patterns are 
seen for d larger than about 150 nm. Probabilities have not been normalized.  
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In Figure 3.3a the effect of the protrusion on the particle motion pattern is very apparent, showing a transition from the disc pattern into the bell-shape pattern and for a sufficiently large asperity into the ring pattern. The transition is gradual and the strength of the volume exclusion effect is determined by the position and size of the asperity. Furthermore, the effect of a small asperity close to the tether attachment point can be similar in strength to a large asperity further from the tethering point (see supplementary information).  To verify if protrusions are indeed the cause of bell and ring-shape patterns, an experiment was conducted with smooth polystyrene particles. The polystyrene particles are nearly perfectly smooth compared to the superparamagnetic particles as is evident from Figure 3.2f. The motion patterns of these polystyrene particles are shown in Figure 3.2c. Comparing Figure 3.2c and Figure 3.2a, the absence of bell- and ring motion patterns for the smooth particles is very apparent. The bell- and ring-shaped patterns are absent across the full 0 – 5 µg/mL range of TexasRed antibody incubation concentrations. This is in agreement with the simulations that attribute the bell and ring motion patterns only to protrusions on the particles.  
3.5.2. Non-circular symmetric motion patterns Besides the circular symmetric motion patterns also non-circular symmetric motion patterns are observed (cf. Figure 3.2d): the stripe pattern, the triangle pattern and the mixed pattern. Stripe patterns have been seen before in TPM experiments97 but their origin was not studied. Here we look in detail at the origin of the stripe, triangular, and mixed patterns.  We have observed that the probability of finding non-circular symmetric motion patterns within a population of bound particles increases with the concentration of biomolecules: Fig. 2b (20 nM dsDNA, 5 µg/mL TexasRed antibodies) contains many more stripe-, triangular and spot-shapes than Fig. 2a (4 nM dsDNA and 40 ng/mL TexasRed antibodies). With a supernatant assay and geometrical calculations (see supplementary info) we have determined that at a 20 nM dsDNA concentration, about 34 dsDNA strands per particle are available for binding to the substrate. In an assay not all strands will form a tether due to the limited density of antibodies on the substrate, but it should clearly be possible to have more than one tether bound between particle and substrate. Fig. 3b shows Monte Carlo simulations that have been performed to further study the origin of the stripe patterns. The simulated system consists of a particle bound to a substrate by two dsDNA tethers with a length of 40 nm, where ds is the distance between the tether attachment points on the substrate and dp the distance on the particle. The motion patterns vary from disc-shaped (for small attachment-point distances) to stripe-shaped (for distances larger than about 150 nm). The patterns 
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vanish for distances larger than 450 nm because in that case the DNA tethers cannot simultaneously reach the substrate. The origin of the stripe pattern is that particle excursions toward either one of the tether attachment points are disfavored because one DNA tether is stretched while the other DNA tether is compressed. The stretching is entropically unfavorable and the compression is energetically unfavorable.  Finally we have direct proof that stripe patterns originate from double tethers by the observation of time-dependent motion patterns. Approximately 3% of all bound particles are observed to exhibit more than one motion pattern, see e.g. patterns 27 and 34 in Figure 3.2a;  7, 17 and 35 in Figure 3.2b;  3 and 22 in Figure 3.2c. Figure 3.4 illustrates such behavior in a very explicit manner. The figure shows a cumulative position scatter plot for a particle that alternates between a disc motion pattern and several stripe motion patterns. The figure shows eight consecutive time intervals in which the newly collected points are colored red. The particle is initially observed to exhibit a disc pattern and thereafter intermittently exhibits a stripe pattern. The particle alternatingly is either in the disc-state or in one of the stripe states (see supplementary information). We attribute the transient behavior to the presence of a single-tethered state and several double-tethered states, with repeated binding and unbinding of secondary tethers that temporarily confine the particle into a stripe motion pattern. 
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Figure 3.4: Cumulative position scatter plot of a particle that alternates between a disc motion 
pattern and several stripe motion patterns. The cumulative scatter plot is shown for eight time 
points, where newly collected scatter points are colored red. Note that the time intervals are 
not of equal duration.   As stripe patterns can be attributed to the presence of two molecular bonds, triangular motion patterns can be explained with a triple tethered particle. Every single tether would have had a disc as accessible space; therefore, a triple tethered particle has the intersection between the three individual discs as accessible space, which gives a triangular-like motion pattern. As with the double tethers, the exact shape of the motion pattern should depend on the relative positions of the attachment points of the three tethers. Spot patterns can be explained by immobilization through many tethers or non-specific, not-tethered interactions. Finally, the mixed motion patterns arise due to combinations of the mentioned phenomena, e.g. multiple tethering, a protrusion close to the tether attachment point, pattern switching behavior, and potential or topographical substrate nonuniformities. 
3.5.3. Application for target molecule quantification in 

diagnostic assays  Functionalized colloidal particles are widely used as labels in bioanalytical assays, lab-on-chip devices, biophysical research, and in studies on live biological systems.53,55,91–
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94,100,101 Sandwich assays are an important class of assays for the detection of proteins and other macromolecules.50 Figure 3.5a illustrates a sandwich assay with particle labels; antibody-coated particles capture target molecules from a solution, and are then brought to a substrate to which the particles bind via the captured targets. The performance of an assay is summarized in a dose-response curve, depicting the sensor response (a direct or indirect measure of the number of bound particles) as a function of the target concentration. The dose-response curve serves as a calibration curve to quantify the target concentration for unknown test samples.  For biosensing applications in which particles are bound to a substrate in a sandwich assay (see Figure 3.5a), the roughness of a particle is not of diagnostic interest. Since the disc, bell and ring patterns are due to a single tethered particle, in a biosensing assay all disc-, bell- and ring-shape motion patterns should similarly contribute to the sensor response, as they represent single molecular interactions.  At low target concentrations, the particles are bound to the substrate dominantly by single molecular bonds. At high target concentrations, particles are bound to the substrate by more than one molecular bond. In conventional assays the number of substrate-bound particles is determined, indirectly through the sensor response, or directly through counting. No distinction is made between the number of molecular bonds between particle and substrate. These techniques cause a saturation of the dose-response curve at high target concentrations (i.e. the signal does not depend anymore on the target concentration) because particles become bound to the substrate by more than one molecular bond but they still contribute to the sensor response in the same manner as single-bound particles. The resulting saturation of the dose-response curve limits the dynamic range of the biosensing assay for high concentrations. Our experiments have shown that the motion patterns of particles with a single bond, double bond and multiple bonds are markedly different. Therefore, a prospective application is to use the motion information to improve particle-based biosensing assays, by interpreting particle counts differently in dependence of the motion pattern of the particles. In this section, we estimate how motion pattern analysis can increase the dynamic range of a particle-based assay in comparison to conventional particle counting. A calculation is performed based on a model sandwich immunoassay system in which particles are used to quantify the number of target molecules. We consider a system with particles of 1 µm diameter with a varying number of target molecules in solution, as shown in Figure 3.5a. In the presence of target molecules, molecular bonds with a length of 40 nm are formed between substrate and particle.  The efficiency with which target molecules are captured depends on several assay parameters, such as the incubation time, the surface density and the activity of antibodies, the total capturing surface, etc. The target capturing efficiency is very important for the detection limit (the lowest concentration that can be distinguished from the blank) but does not affect the dynamic range (the ratio between the highest 
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and the lowest concentration that can be discriminated). Therefore in the calculations we assume a target capturing efficiency of unity, i.e. all target molecules are captured onto the particles. The calculation was performed using 500 capture particles, since that number provides sufficient statistics and corresponds to the number of particles typically detected in a single field-of-view in our experiments. We assume that the substrate is homogeneously reactive and that we have particle detection with a perfect discrimination between particles bound by single, double, or three-or-more molecular bonds. See the supplementary information for further details on the statistical model. For ≪ , most particles do not capture a target and the particles that can bind to the substrate do this via a single target-induced molecular bond (non-specific particle binding is neglected). For ≫ , on average the particles capture multiple targets and can therefore bind to the substrate through multiple tethers. If the tether length ( ) is smaller than half of the particle’s circumference, then for geometrical reasons not all targets can interact simultaneously with the substrate. The maximum surface fraction of a spherical particle (of diameter ) that can interact with the substrate at a single point in time is = ⁄  for < /2. For a 1 µm particle and a 40 nm tether, at most 1 25 = 4%⁄  of the particles surface area can interact simultaneously. When a particle binds to the substrate by a first tether, then targets that are not in proximity of the particle attachment point cannot bind to the substrate. In fact, the number of captured target molecules will need to increase by  ~ ⁄ = ~ 25 times before a significant fraction of particles become tethered by multiple tethers.  
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Figure 3.5: Comparison of the performance of a biosensing assay using particles as label for 
the conventional particle counting scheme and an assay that includes bond number 
discrimination. (a) Schematic representation of a two-step biosensing assay with particle 
labels. Functionalized particles capture target molecules from solution using specific 
interactions in the first step. In the second step the particles bind to the substrate through a 
molecular sandwich format. (b) Calculated dose response curve for an assay in which the 
number of substrate-bound particles is determined. The system contains 500 particles of 1 µm 
in diameter that can form 40 nm substrate bound tethers in the presence of the target 
molecules. The calculated number of particles bound to the sensing substrate (orange) and 
the number of unbound particles (dashed blue) are shown as a function of the number of 
targets molecules. The solid line indicates the regime in which the number of bound particles 
sensitively depends on the number of target molecules. (c) Calculated response curve for a 
biosensing assay with bond number discrimination. The expected number of particles bound 
to the substrate via single (brown), double (gold) or three or more tethers (purple) are shown 
as a function of the number of target molecules. The number of unbound particles is 
represented in dash blue. The three solid lines indicate regimes for which the number of 
particles of a certain bond class is sensitive to the number of target molecules. Note that the 
three concentration regimes have significant overlap. The response of the conventional assay is shown in Figure 3.5b, for which substrate bound particles are counted irrespective of bond number. The dose-response curve saturates when the number of targets equals the number of capture particles, i.e. at 500. The expectation values of the number of particles bound through single, double and three-or-more tethers in the bond discrimination assay are shown in Figure 3.5c. The assay shows three consecutive dose-reponse curves: The single-bond curve runs up to 500 target molecules, the double-bond curve ranges from 200 to 10000, and the curve for triple-or-more bonds ranges from 2000 to 50000 target molecules. The sensitive regimes of the three curves show significant overlap, which allows curve stitching and enables reliable detection over the complete dynamic range. The single-bond curve has a nearly linear dependence on the target concentration in its sensitive regime. The 2 bond and 3+ bond curves have super-linear dependencies in their sensitive regimes. These dependencies ensure a good accuracy of concentration determination over the full dynamic range. As a result, the three curves of the bond discrimination assay cover a dynamic range for target detection that is two orders of magnitude larger than the dynamic range of the conventional assay. The increase of the dynamic range is determined by the ratio between the particle diameter and the molecular bond length. The dynamic range extension scales as ~( ⁄ ) , since two binding regimes are added. For large values of ⁄  the three consecutive dose-response curves fail to overlap as one response curve saturates before the next one starts, which sets an upper limit for useful ⁄  values for a given number of particles in the system. The consecutive response curves can be further widened by increasing the number of particles in the system, giving an even larger achievable dynamic range increase by bond number discrimination. 
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3.6 Conclusion We have demonstrated that the motion patterns of molecularly tethered particles are highly sensitive to the molecular system binding the particle to the substrate and to the morphology near the molecular attachment point. Three classes of circular symmetric motion patterns and two classes of non-circular symmetric motion patterns have been identified in experiments and have been validated with Monte Carlo simulations. The experimental model system consisted of particles (1 µm or 500 nm diameter) tethered to a glass substrate by 40 nm (120bp) dsDNA strands. Disc-like motion patterns originate from the idealized system with full rotational symmetry and a single molecular tether. Ring- and bell-shaped patterns represent systems with a protrusion on the particle near the molecular attachment point. Double and triple tethered particles lead to striped and triangular shaped motion patterns of which the shape indicates how the tethers are bound on the particle and the substrate. Dynamic bond switching is observed in about 3% of all patterns and is related to changes in the underlying molecular system. In several instances repeated formation and breaking of a secondary bond was observed, confirming that double-bound particles lead to stripe patterns. The dynamic switching behavior is illustrative of the sensitivity of particle motion to the underlying molecular binding system.  Because of the highly sensitive character we foresee that motion pattern analysis will be applied as an analysis tool to characterize molecular bonds on and between particles and surfaces in great detail. For example, substrate and particle functionalization can be characterized in terms of density, functionality and kinetics of molecular binding groups and non-specific binding on the substrate. In addition to analysis of functionalized surfaces, motion pattern analysis can also be used on natural surfaces like cells as an extension to existing receptor labeling techniques102,103. The particle can be made sensitive to a large variety of systems through choice of the functionalization of the particles. The particle size and optical properties can be tuned appropriately for each application. For example micrometer large, superparamagnetic particles can be used in biosensing applications, while small and optically bright particles (e.g. quantum dots and plasmonic nanoparticles104) can be employed to investigate systems with fast dynamics. For particle-based biosensing, analysis of the particle motion pattern can lead to improved sensitivity and specificity. Non-specific particles can be distinguished from particles which are bound to the substrate though a single, double or triple specific molecular bond; e.g. an antibody-antigen-antibody sandwich in which the sandwich acts as the molecular tether. Additionally, motion pattern analysis can discriminate between bond numbers and thereby strongly increase the dynamic range over which the target molecule concentration can be determined. The optical requirements for performing particle motion measurements are very reasonable, facilitating integration of motion pattern analysis in future biosensing systems. 
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Appendix 
A. Particle position tracking accuracy To determine the position tracking accuracy, particles were immobilized onto the glass substrate and their motion amplitude was determined. The particles were immobilized by baking a solution of particles onto the glass slides in an autoclave at 121°C for 20 minutes in which the particles bond with the substrate. A fluid cell was attached and filled with PBS and the motion of the immobilized particles was then observed as usual. The motion of an immobilized particle and the analysis of the ensemble of immobilized particles is shown in Figure S3.1. 

 
Figure S3.1: a) observed positions of an immobilized particle. Scalebar: 5 nm. b) Position 
distribution along y-axis. The black shows the histogram of the observed positions; the blue 
line shows the normal distribution with = 1.61 nm determined from the histogram. c) 
distributions of  of 48 immobilized particles. The observed positions of a single immobilized particle are shown in Figure S3.1a. The position distribution along the y-axis of the observed positions is shown in Figure S3.1b with a standard deviation of = 1.61 nm. The observed positions are determined by two contributions; the motion of the particle and the measurement error caused by for example signal noise and drift correction. By assuming that the particle is entirely immobilized, the maximum error in the position determination can be estimated as . The distribution of 48 immobilized particles in terms of   is shown in Figure S3.1c. The range of observed   is between approximately 1.5 and 2.8 nm with a maximum  at approximately 2.25 nm. It is therefore estimated that the position error for this optical setup is < 3 nm. 
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B. Quantification of DNA binding efficiency on the 
particles The efficiency of DNA binding to the particle was quantified using a supernatant assay. In the supernatant assay a known concentration of DNA strands was incubated with the particles for 60 minutes and using magnetic separation the particles were separated from the supernatant. The concentration of unbound DNA in the supernatant was determined and the bound fraction of DNA strands was calculated. The concentration of DNA was determined using PicoGreen (Life Technologies) as a DNA intercalating dye. PicoGreen absorbs blue light at 497 nm and after binding to DNA emits green light at 520 nm. The fluorescent signal intensity was used to quantify the concentration of DNA in the sample. MyOne particles were functionalized at particle to DNA ratio of 1:10. A volume of 50 µl of 16 pM MyOne particles suspended in TE buffer and 50 µl of 160 pM DNA strands in TE buffer was incubated for 60 minutes in a DNA lo-bind epp, after which the supernatant was extracted using magnetic separation. Calibration concentrations of known DNA concentrations in TE buffer between 1.25 pM and 160 pM were prepared from the same solution used to functionalize the particles and mixed with PicoGreen at the suppliers recommended concentration. The fluorescence signal was measured in a Cary Eclipse fluorescence spectrometer from Agilent (Santa Clara, Ca, United States) at an excitation wavelength of 490 nm and an emission wavelength of 530 nm. Both excitation and emission slits were set to 10 nm with no filters in place. A small volume quartz cuvette type 105.250-QS from Hellma Analytics (Müllheim, Germany) was used for the fluorescent measurements. The resulting measurements are shown in Figure S3.2.   
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Figure S3.2: Fluorescence measurements of various concentrations of the 120 basepair dsDNA 
tether in TE buffer using PicoGreen as DNA intercalating dye. Crosses indicate the calibration 
measurement points. The red line is a first order power law fit to the calibration data: =107 + 9.92 ⋅ ( − 0.064) .  where  is the DNA concentration in pM. The supernatant 
measurement is shown as a green dot at the corresponding calculated DNA concentration. The DNA concentration present in the supernatant is 25 pM. Taking into account that the original 50 µl was diluted to 100 µl by mixing with the particle solution this indicates that 110 pM of DNA has been extracted from the supernatant by the particles. The determined DNA binding efficiency is 69%. 
C. Antibody and dsDNA concentration series The capture efficiency of particles onto the surface depends on the number of DNA targets and the number of antibody capture molecules on the substrate. The number of surface bound particles was determined for various concentrations of biomolecules. The system was prepared using the protocol described in the paper. 



 
Appendix 

69 

 
Figure S3.3: bound number of particles as function of the binding molecules. Number of 
surface bound particles as function of the a) DNA incubation concentration for a surface 
incubated with 40 ng/ml TexasRed antibodies and b) Antibody incubation concentration with 
a particle functionalized with 20 nM DNA. The number of bound particles refers to the average 
number of particles attached to the surface in a single field of view. The error bars indicate 
the standard deviation between the number of bound particles observed in different field-of-
views within one measurement series.  The number of found particles as function of the DNA incubation is shown for a surface incubated with 40 ng/ml antibodies is shown in Figure S3.3a. Even in absence of DNA strands a small number of particles is observed to bind to the surface, this indicates that additional interactions lead to the binding of particles on the substrate. In presence of DNA the number of bound particles increases with the DNA concentration as the capture rate of particles onto the surface increases. The number of bound particles does not yet seem to saturate at the highest concentrations indicating that the system is still limited by the capture rate of particles onto the substrate. In the antibodies series shown in Figure S3.3b the number of particles increases with the number of antibodies attached to the substrate up to the saturation point at 1 µg/ml. At this concentration either the DNA coverage on the particle becomes the limiting factor or the fluid cell is depleted of particles. These results show a healthy response of the system to the component concentrations and illustrate that the biochemistry works as expected. 
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D. Dependence of motion distribution on DNA tether 
concentration The motion patterns have been measured in samples prepared with different concentrations of 120 basepair dsDNA tethers. Analysis of the motion patterns reveals the systematic change in the shape of the motion patterns. The distribution of motion patterns observed at the various concentrations of DNA tether is shown in the motion pattern distribution plots in Figure S3.4. Details on the motion distribution plots are given in Section 2.2.3 

 
(figure continued on next page) 
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Figure S3.4: motion distribution plots measured for particles prepared with a tether 
incubation concentration of a) 4 nM, b) 0.5 nM, c) 4 nM and d) 20 nM on a surface prepared 
with 40 ng/ml Texas Red antibodies. Each motion distribution plot contains the motion 
patterns observed in 5 field-of-views. Each pattern is represented by a white data point at the 
coordinates corresponding to the symmetry  of the motion pattern, and the minor motion 
amplitude . The colormap corresponds to the local density of points corresponding to 
the motion pattern normalized with regard to the maximum density in that motion 
distribution plot. The dashed square corresponds to the selection criteria used to identify 
particles have a motion that corresponds to a single primary tether; > 0.75 and 40 < < 150 . The motion patterns in Figure S3.4a correspond to the motion patterns of particles that are non-specifically bound, as the tethers required for the specific bond formation is not introduced in the system. In Figure S3.4b-c an increasing population of particles that have a motion corresponding to a single tethered particle can be recognized. The dashed lines indicate the selection criteria that contain the population of single-tethered particles. The observed spread of the population can be attributed to the surface roughness of the particles. In Figure S3.4d a second population of motion patterns is formed, typically with < 0.75 and < 50 nm. This population corresponds to the non-circular motion patterns which arise due to the formation of 
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multiple tethers. Particles with more tethers are generally more confined and will be observed at smaller motion amplitudes and lower symmetry.  
E. Friction experienced by particles pinned to the 

surface by molecular bonds Double molecular tethering leads to stripe-shaped motion patterns. An alternative scenario that could lead to a stripe pattern occurs when a particle is in close proximity to the surface, and is provided with a pivot line that enables a rolling motion of the particle. If the particle presents two protrusions with a short tether bound in the center, the two protrusions act as pivot points. Here we estimate if the pinning force of the tethers could lead to sufficient friction to prevent the particle from rotating its line of motion. Pinning down of the particle can occur when the effective tether length is short, for example due to an indentation in the particle surface. The pinning of the particle by the tether would need to be strong enough to have friction forces prevent rotation of the particle with respect to the surface. The clamping force of a stretched DNA strand can be estimated using the relation87: 
( ) = 1 4⁄(1 − ⁄ ) − 14 + (3. 3) 

in which P is the DNA persistence length, T the temperature and L0 the DNA contour length. For example, the energy required to stretch the 40 nm DNA strand 39 nm is given by the integral ( )  . This equals to 8  in energy, making it occur with a probability less than 10 . In that configuration, the clamping force of the DNA strand  (39 ) =  35 . Surface friction forces are given by < ∙  in which the friction coefficient is generally below unity, which limits the friction forces to 35 pN. The hydrodynamic drag acting on a particle rotating with  rotational energy is 55 pN when projected to act on the perimeter of the particle and is not enough to rotationally confine the particle. Surface friction forces are by comparison with the drag forces also too low to confine the particle rotationally. This mechanism is therefore unlikely to contribute to the experimentally observed stripe patterns. 
F. Additional simulations of particle roughness A spherical protrusion on a (spherical) particle can be characterized by three parameters. In addition to how far the protrusion extends from the particle, also the diameter of the protrusion and the position of the protrusion relative to the tether attachment point are relevant. These parameters are denoted as P, D and θ respectively. P describes how far the protrusion maximally protrudes from the 
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particle’s surface. D is defined as the geometrical diameter of the particle. θ, the position relative to the tether point, is chosen as the angle between the two lines connecting the particle’s center with the tether attachment point and the center of the protrusion respectively. The parameters are defined in Figure S3.5a. Each of these parameters changes the protrusion in the system configuration and therefore leads to a different motion pattern. Additionally, the particle and tether geometry influence the behavior of the system.  We performed simulation in which each of the three parameter is systematically varied while keeping the other parameters constant. The particle diameter in the simulations is 1 µm, the tether length is 40 nm and corresponds to the experimental system. The simulated motion patterns are shown in Figure S3.5b. 

 
Figure S3.5: Simulated motion patterns for tethered particles affected by different protrusions. 
(a) Sketch of the system geometry and definition of the parameters P, D and θ. The particle 
has a diameter of 1 µm and a 40 nm tether with a persistence length of 50 nm. (b) Resulting 
motion patterns when each of the three parameters is systematically varied. The motion 
patterns are represented by a map of the probability of observing a particle at a certain 
location. The probability is represented by the linear color map shown on the right.  
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In each of the three series we observe a gradual change from a disc shaped motion pattern to a ring-shaped motion pattern. This seems to indicate that each of the parameters leads to a similar change in the geometry and thus similar effect on the motion pattern. This suggests that the protrusion strength can be described by a single parameter. 
G. Model describing the tethering of particles to the 

surface by target molecules Here we describe the model that estimates the number of particles bound to the substrate through a single, double or more bonds. The system is defined to contain a number of particles . The particles have a radius , and they are bound to the substrate via a tether with length .The fraction of the particle surface on which the tethers can interact simultaneously with the surface is = ⁄  for < 2⁄ . This fraction of the particle surface is called a surface patch.  As the tether permits free rotation of the particle around the tether the surface available for binding is larger than the maximum surface available at any instant. DNA strands are dynamically bending molecules, which gives them a shorter average length, slightly mitigating this effect. When a particle is bound by two tethers, the available binding surface is again reduced as rotation and motion of the particle is confined by both tethers. Coarse grained molecular simulations can account for these effects in detail, but are computationally much more expensive. Therefore, we assume in our model that the effective available surface area for binding is a fixed fraction of the of the total particle surface = ⁄  in which  can be interpreted as the effective maximum length of a static bond.  The number of surface patches on a particle equals = ⁄ . The total number of patches in the system is: = ∙ (3. 4) All target molecules are distributed among these patches. The chance to pick up a single one of these patches is = 1/  . The probability that a patch has captured  target molecules as function of the number of target molecules  in the system is , =∙ (1 − ) ∙ (3. 5) 
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The chance that a particle captures no target molecules is = (0, ) . And consequently, the chance that a particle did capture one or more target molecules is = 1 − .  We assume that all particles that did capture a target will bind to the surface. The number of targets bound to the binding patch determines the number of tethers formed between the particle and the surface. The assumption is made that the reactivity between a patch and the substrate does not depend on the number of targets on that patch e.g. a patch with one target is equally reactive as a patch with ten targets.  The fraction of total particles bound to the surface with  is then calculated with 
( > 0) = ∙ ,∑ , (3. 6) 

The number of unbound particles is = ∙ . The number of particles bound through  target molecules is = ( ) ∙ .  
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Chapter 4. Kinetics, equilibrium and 
bond lifetimes of the TPM biosensor 

 
Artist’s impression of a tethered particle based sandwich assay with oligonucleotides or 
antibodies. 

 

In the first part of the thesis the focus has been on the interpretation of the motion 
patterns of bound particles with static tethering geometries. In the second part of the 
thesis the focus will turn to a time-varying tethered particle biosensor system of which 
the activity changes in presence of target molecules. We will start by describing the 
tethered particle biosensor.  
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4.1 Introduction The tethered particle biosensing system is schematically shown in Figure 4.1. The particles are kept in close proximity to the substrate via a permanent primary tether. Captured target molecules can create a bond between the particles and the substrate in a binding scheme similar to a sandwich assay. The formation of the sandwich corresponds to the formation of a secondary bond (or tether) between the substrate and the particle. Formation of the secondary bond leads to a change in the way that the particle is bound to the substrate. The sensing principle of the particle motion based biosensor is based on the detection of these target molecule mediated interactions. The motion pattern of the particle correlates with the geometry of the bonds between the particle and the substrate.60 The target molecule mediated interactions can thus be detected through these changes in the motion of the particle.   

  
Figure 4.1: Tethered particle biosensor concept. The particle (yellow) is functionalized with 
oligo B (blue) and tethered to the substrate with a dsDNA tether (black thick line). The 
substrate is functionalized with oligo A (red). The target molecules (blue and red) are present 
in solution. In presence of the target molecules the particles can become intermittently bound 
to the substrate. Our aim in this chapter is to describe the activity of the system in terms of the equilibrium state of the molecular reactions. The theory of reaction rates and equilibrium states is well established for molecular binding processes in solution, see for example the textbook by Atkins and de Paula.54 We provide a short overview of the essential theory in Section 4.2. The secondary bond in the TPM biosensor is formed in a sandwich-like reaction scheme where the target molecule is sandwiched between the two binder oligos. A molecular sandwich is a standard immunoassay format, see for example the textbook 
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by Mikkelsen et al.105 We derive an analytical solution for the equilibrium state of the sandwich concentration in solution in Section 4.3.  To proceed to a full description of the tethered particle system we consider the effect of the tethered particle. The association rate of the particle to the surface is affected by the encounter rate between the particle and substrate. The interaction rate of a binding spot with a reactive binding spot on the substrate has been discussed in detail and simulated by Merkus et al.22 Furthermore, the reaction rates between surface bound ligands and molecules is affected by the presence of the surface, as described by van Reenen et al.106 We assume that the equilibrium state of all interactions is not affected by the presence of the surface. In section 4.4 we derive an analytical solution for the switching activity of a tethered particle system in presence of the target molecules, in equilibrium. The primary tether confines the particle to a volume near the attachment point in which all the relevant reactions are assumed to take place. An apparent association rate  of the particle with the substrate is used to describe the effect of the tethered particle on the activity, similar to the one proposed by Merkus et al. The switching behavior of the tethered particle depends on the lifetime of a single interaction between the particle and the substrate, which is related to the reaction rate constants of the interactions. In section 4.5 we describe how the characteristic lifetimes of the interactions between DNA oligos can be predicted from the thermodynamic parameters.107 
4.2 Reaction rates, equilibrium, and the Arrhenius 

equation Bonds between molecules occur when the two molecules have a mutual attraction for one another.54 In transition state theory, the separated and bound reactants are seen as two states separated by a transition state. The states in the transition state theory are illustrated in Figure 4.2. The transition state has a higher energy than the two other states, effectively acting as an energy barrier between both states. The rate at which the system reaches this transition state determines how quickly the system can convert between bound and unbounds states. The activation energy of the forward and the backward reaction can be different, leading to different binding and unbinding reaction rates. The energy to overcome the energy barrier is, in absence of external forces, provided by the thermal energy , making the reaction rate temperature dependent. 
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Figure 4.2: Diagram of the energy state of a system as function of the reaction coordinate. The 
left state corresponds to the unbound state, while the right state corresponds to the bound 
state. In order for the reaction to occur, the system needs to traverse the energy barrier in the 
middle of the plot. The activation energies of the molecular dissociation and association 
reaction, ‡ and ‡ respectively, are indicated as well as the energy difference between the 
bound and unbound state . The transition state theory sketches a microscopic picture of the reaction between the reactants. For a reaction to occur, the two reactants: for now called molecules A and T, have to come in contact in the proper orientation. Therefore, the reaction rate depends on the concentrations of the reactants, the diffusivity, and on the energy barrier. When the two reactants come in contact, the reaction can only occur if there is enough energy for the reaction to overcome the energy barrier that separates the bound and unbound state.  The process in which two reactants react with each other following the scheme A +T → AT, is a second order reaction; the concentrations of both reactants influence the rate at which the reactions occur. The reaction rate  (in units of M ⋅ s ) is then: 

→ = [AT] = − [A] = − [T] = → ⋅ [A][T], (4. 1) 
in which [A] and [T] are the concentrations of the unbound reactants and →  is the reaction rate constant, which describes the dependence of the reaction rate on all factors other than the concentrations. The reverse reaction, in which AT dissociates into A and T, is a first order reaction of which the reaction rate is described by: 

→ = − [AT] = [A] = [T] = → ⋅ [AT]. (4. 2) 
Equation 4.2 describes the reaction rate as it would be macroscopically observed in an experiment. The reaction rate constant  is the proportionality constant at which the reaction is observed to occur.  
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The equation that then describes the reaction rate  of a macroscopic reaction is the Arrhenius equation:54 
= ‡ (4. 3) in which the prefactor  is the frequency factor of the reaction, and Δ ‡ is the activation energy required for initiation of the (association or dissociation) reaction. The prefactor  is a measure for the frequency at which the reactants collide via the reaction pathway and a reaction attempt is made.  contains any corrections needed for other effects, e.g. entropic effects and steric hindrance. The Arrhenius equation can be used to empirically describe a complex reaction, in which the factors  and ‡ correspond to the effective frequency factor and effective activation energy.  

4.2.1. Reaction equilibrium We will now consider a reaction of which the reaction equation is A + T ⇄ AT as shown in Figure 4.3a. The reaction rate constant of the formation of the complex AT is  and the reaction rate constant of the breakdown of the complex into the separate components is . After a certain time, the system will reach an equilibrium, in which the reaction rates in both directions (  and ) of the reaction are equal. In that case: = = [A][T] = [AT]. (4. 4) 
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Figure 4.3: Reaction schemes and system response for the two-ligand interaction. a) reaction 
scheme of the reaction  + ⇄ . The two reactants A and T react to form the complex AT and vice versa. b) Equilibrium fraction  of formed complex  as function of the 
concentration of [ ]. The fraction  is normalized with regard to the maximum 
concentration of AT complexes that can form in the system, and shown as function of [ ] on a 
logarithmic scale. At a concentration of T equal to the dissociation constant, half of ligand A 
is bound in complex AT. Rearranging gives the reaction quotient of the reaction, which is by definition equal to the dissociation constant  of the reaction: 

≡ = [A][T][AT] . (4. 5) 
When [T] =  it follows that [A] = [AT]; half of the molecules A remains unbound while the other half is bound in the complex AT, or vice versa with the roles of A and T reversed. The total number of molecules A is conserved; inserting = [A] + [AT] in the reaction quotient yields: 

= ( − [AT]) ⋅ [T][AT] , (4. 6) 
which rearranges to: 

= [AT] = [T]+ [T] (4. 7) 
where  is the fractional response of the system, ranging from zero (no response) to unity (maximal response, all ligands have captured a target molecule). This function has a sigmoidal shape and is sometimes referred to as an S-function, as shown in Figure 
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4.3b. For [A] =  we find that the response = 1/2, such that half of the ligands A are bound in the complex AT.  Equation 4.7 is a function of the concentration of unbound target molecules in the equilibrium state. In a biosensor system the effect of target molecule depletion during the reaction should be considered. When the binding capacity of the system is low: then ≫ . In that case the concentration of molecule T is approximately constant and [T] ≅ . If depletion plays a significant role, it is possible to find the equilibrium [AT] by substituting = [A] + [AT] and T = [T] + [AT] in equation 4.5, and solving the resulting quadratic equation for [AT] = ( , , ). A phenomenological version of equation 4.7 was proposed by Hill to account for cooperativity in the binding process. Cooperativity occurs when the binding of ligand A with target molecule T is enhanced if another molecule T is already bound. The Hill equation is then:108 
= [T]+ [T] , (4. 8) 

in which  is the cooperativity factor. In case of positive cooperativity > 1, while <1 signifies negative cooperativity. In the case of no cooperativity = 1 and the original S-function is recovered. The Hill equation will be used to fit the experimental results in Chapter 6. 
4.2.2. Time to equilibrium In the biosensor concept of Chapter 6, the activity of the system, which depends on the occupancy of the target molecule on the binder molecules, is observed as a function of time. When a sample is inserted, or a concentration changes, the system does not immediately reach the equilibrium state and the reaction dynamics need to be considered. We will therefore consider the time to equilibrium, which describes the characteristic time constant with which the system reaches equilibrium. Under the assumption that there is no depletion of target molecules, and the concentration of T is constant at [T] ≅ , the differential equation of the reaction is:  [AT] = [A] − [AT] = ( − [AT]) − [AT] (4. 9) 
Which rearranges to the linear differential equation: [AT] + + [AT] = (4. 10) 
The solution of this differential equation is: 
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( ) = [AT]( ) = 1 − ⁄ ⋅ + (4. 11) 
in which = 1 +⁄  is the characteristic time constant that describes the characteristic time with which the system reaches equilibrium, under the initial condition | = 0. 
4.3 Sandwich assay: two ligands and a target Many biosensors, including the particle motion biosensor studied in this thesis, are based on the principle of a sandwich assay. In a sandwich assay two binding ligands (e.g. antibodies, DNA oligos) can bind simultaneously to the target molecule. In the TPM biosensor this sandwich forms between the particle and the substrate. This section will describe the equilibrium state of a general sandwich assay, in which two binding ligands (A and B) can bind to a target molecule T in solution. The next section will consider the effects of attaching the binding ligands to the particle surface and the substrate. Only single target molecule mediated interactions will be considered, multivalent binding is ignored. The reaction scheme of the sandwich assay system allows T to bind to A and B, to form the bound complexes AT or TB, which then can react further to form ATB. The reaction scheme is shown in Figure 4.4a. All interactions are reversible, and it is assumed that the reaction rate constants are the same for the interaction of the binding ligands A and B with the target T, and the complexes BT and AT respectively, see Table 4.1. The reactions that may occur in the sandwich two-ligand and target system are shown in Figure 4.4a. 
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Figure 4.4: Reaction scheme and system response for the sandwich two-ligand and target 
interaction. a) The two-ligand target interaction; the two ligands A and B both bind to the 
target molecule T, simultaneous binding of A and B to T can occur. b) response of the system 
measured in terms of the formed full complex ATB in presence of a concentration [ ], and 
normalized compared to the maximum concentration of ATB that can be formed. The 
response of the system is shown to the right for a system in which = 100 ⋅  as a function 
of [ ] with the concentration on a logarithmic scale. For comparison, the response of the two-
ligand interaction is shown as the dotted red line. 

Table 4.1: Overview of the defined reaction rate constants used in the two-ligand and target molecule assay. Reaction rate constants Dissociation constants 
= → = →    = → = →  = → = →    = → = →  

= = [A][T][AT] = [A][TB][ATB]  
= = [T][B][TB] = [AT][B][ATB]  

  The reaction rate constants are given in Table 4.1. We now derive an analytical solution for [ATB] in equilibrium. We start by writing the equilibrium of the interaction between capture ligand A, the target T, and complex TB: [TB] + [T] = [ATB] + [AT] − [A][TB] − [A][T] = 0. (4. 12) 
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Dividing by  and multiplying by  yields:  ([ATB] + [AT]) − ([A][TB] + [A][T]) = 0. (4. 13) At this point, it proves useful to eliminate [AT] and [TB] in favor of [A], [T], [B],  and using the definitions of the dissociation constants. Doing this gives: [ATB] + [A][T] − [A][T][B] − [A][T]= [ATB] − [A][T][B] = 0, (4. 14) 
Which rearranges to the equilibrium equation: 

= [A][T][B][ATB] . (4. 15) 
This solution is derived without assumptions about the concentrations of the reactants. Due to the symmetry in the reaction scheme, the same result is obtained if either complex TB or complex AT was ignored and the reaction scheme is simplified to A +T + B ⇌ AT + B ⇌ ATB.  An analytical solution for [ATB] as function of the final concentration [T] and the other system parameters can be derived. Again, this solution is also valid for the initial concentration , when the assumption is made that no depletion occurs, and that the target concentration is constant: [T] = , which is valid when + ≪ . Under this assumption, we can then write for the concentration of ligand A: [A] = − [AT] − [ATB], (4. 16) in which [AT] can be eliminated using the definition of  and rearranged to yield: 

[A] = ( − [ATB]) ⋅ + [T] . (4. 17) 
The concentration [B] can be written down similarly.  The reaction equation can then be written as: 

− + + ( + )( + ) [ATB] + [ATB] = 0. (4. 18) 
This equation has two roots that are solutions of the equation. The root of the quadratic equation that yields the physically possible [ATB] as a function of  is: 



Sandwich assay between particle and substrate 

87 

[ATB] = + +⁄ − ( + +⁄ ) − 42 (4. 19) 
ℎ  = + + + .  The concentration [ATB] has a maximum value at = : 

[ATB] = + 2 − + 2 − 42 . (4. 20) 
These equations describe the equilibrium state of the two-ligand plus target molecule interaction in solution. A graph of the concentration of [ATB] as function of [T] is shown in Figure 4.4b for the case where = 100 ⋅ . Two regimes can be observed; in the first the concentration of ATB complexes is observed to increase monotonically, in the second it decreases monotonically. In the first regime the interaction between A and T is dominant, while in the second regime the interaction between T and B is significant and leads to a gridlocked system; complexes AT and TB can not react directly to form ATB complexes. Therefore the concentration of ATB complexes decreases with increasing [T], leading to a high-dose hook effect.109 The target reconition of the particle motion biosensor is based on the detection of the formation of ATB complexes, which form the secondary bond between the surface and the particle. The effect of the particle motion biosensor geometry, where the ligands A and B are bound to the substrate and the particle’ surface respectively, is considered in the next section. 
4.4 Sandwich assay between particle and substrate The equilibrium description in the previous section is valid when the reactions occur in solution. Now we will describe how the response of the system deviates in the case that the sandwich is formed between the substrate and the particle. Ligand type B is attached to the substrate, while ligand type A is attached to the particle’s surface as shown in Figure 4.5. In addition to the sandwich, a single primary tether binds the particle to the substrate, keeping the particle in a well-defined volume close to the substrate. The formation of the full sandwich ATB leads to the formation of a secondary bond (or tether) between the substrate and the particle. Formation of the secondary bond leads to a change in the mobility of the particle, which signifies the formation of the secondary bond.  We now introduce an effective concentration [A] and [B] of ligand A and B. The effective concentration is defined as the number of ligands in a reaction volume defined as the volume around a single particle, occupied by the ligands A and B that may form a 
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secondary bond in the presence of target molecules. The reaction volume is shown in Figure 4.5. The number of oligos A and B in the reaction volume is  and  respectively, leading to a concentration [A] and [B] within that volume. The effective concentration thus scales linearly with the surface density of ligand molecules.  

  
Figure 4.5: Sketch of the reaction volume around a tethered particle. The particle (yellow) is 
functionalized with ligand B (blue) and tethered to the substrate with a dsDNA tether (black 
thick line). The substrate is functionalized with ligand A (red). The target molecules (blue and 
red) are present in solution. The interactions that are relevant for the formation of the 
secondary bond between the particle and the substrate occur within a small reaction volume, 
indicated with the dashed line. In the particle motion biosensor system, every ATB complex corresponds to a particle that is bound to the substrate. The geometric constraints of the system significantly alter the availability of the reactants in the system compared to the reaction in solution. Due to the curvature of the particle’s spherical surface, and the limited length of the molecules, only a fraction of the surface of the particle and substrate can interact at any given point in time. Therefore, we make the approximation that the number of ATB complexes is low compared to the number of A, AT, B and TB complexes. In this approximation, we can then state that  [ATB] ≪ [ ] (4. 21) where  is any of the molecules or complexes = [A] + [AT] or = [B] + [TB]. Furthermore, we approximate that the particles are most of the time in the unbound state; the characteristic lifetime of the secondary bond formation rate  is less 
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than the secondary bond breaking rate: ≪ . This approximation is valid for the particle motion biosensor studied in Chapter 6.  The change in the motion of the particle is used as the observable in the particle motion biosensor. Therefore, the rate of formation of the ATB complex determines the measured activity of the system. The rate of formation  is given by: 
∝ [ ] = [ ][ ] + [ ][ ], (4. 22) 

where  is the apparent, particle diffusion limited reaction rate constant.22 Next, we define  and , as the fractional occupancy of molecules A and B by the target molecules T. Under the circumstance that the concentration of ATB can be assumed to be low as stated in equation 4.21, it is possible to assume that [ATB] ≅ 0 and express the concentrations in equation 4.22 in terms of  and :  [ ] = (1 − ), [ ] = ⋅ (4. 23)  [ ] = (1 − ), [ ] = ⋅ (4. 24) With these expressions, the activity of the system  can be written as: = 2 ⋅ ⋅ (1 − ) + (1 − )= 2 ⋅ ⋅ ( + − 2 ), (4. 25) 
where the initial factor of 2 accounts for the fact that both formation and breaking of the secondary bond is counted towards the activity. The fractional occupation of the oligos A and B:  and  respectively, are determined analogous to the molecular equilibrium given in equation 4.7: 

= [ ]+ [ ] , = [ ]+ [ ] (4. 26) 
The relative activity ℛ of the system can be expressed as: ℛ = ℛ ⋅  ( + − 2 ) (4. 27) in which ℛ = 0 for no activity and ℛ = 1 for the maximum possible activity of the system. ℛ  is unitless and serves to normalize ℛ: 

ℛ = ++ + 2 . (4. 28) 
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Equation 4.25 and 4.27 describe the activity, and scaled activity of the particle biosensor respectively. The activity is the number of secondary bonds that is formed (and broken) in presence of a certain concentration of target molecules. The activity of the biosensor system will be studied as a function of the target concentration in Chapter 6. The time-dependence of both  and  can be described individually by equation 4.11, resulting in the overall time-dependence of the activity of the biosensor ℛ.  
4.5 Stability of DNA: Kinetics of denaturation and 

renaturation The particle motion biosensor described in Chapter 6 uses oligo interactions to specifically capture the target molecules. In this section an overview is given of the thermodynamic parameters of DNA hybridization to be able to interpret the observed kinetics of the biosensor.  The stability of a dsDNA sequence depends on the length and the sequence of the dsDNA molecule. The length is important, as more complementary nucleotides release more energy upon hybridization into base pairs. The sequence is relevant due to the different amounts of hydrogen bonds formed in an AT base pair (two) and a CG base pair (three). The CG bond is therefore stronger and consequently a higher CG content in the DNA sequence gives a more stable dsDNA molecule.  
4.5.1. Eyring equation Extensive studies have been performed to determine the thermodynamic properties of DNA hybridization.107,110,111 The entropy changes of the reaction are known and the Eyring equation can be used instead of the Arrhenius equation to determine the reaction rate. For a reaction in which the enthalpy and entropy of the activation state are known, the reaction rate  is given by the Eyring equation: 

= ℎ ‡, (4. 29) 
in which  is the transmission coefficient, ℎ is Planck's constant, and Δ ‡ is the change in Gibbs free energy of activation of the reaction: (Δ ‡ = Δ ‡ − Δ ‡). At room temperature, the prefactor = ℎ⁄  is 6.1 ⋅ 10   and corresponds to the vibration frequency of the molecular system. The transmission coefficient  corrects for factors other than the temperature that modulate the likelihood of traversing the energy barrier. A schematic representation of the reaction is often given in terms of energy state as function of the reaction coordinate, as shown in Figure 4.6. 
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Figure 4.6: Diagram of the thermodynamic state of a system as function of the reaction 
coordinate. The left state corresponds to the unbound state, while the right state corresponds 
to the bound state. In order for the reaction to occur, the system needs to traverse the barrier 
in the middle of the plot. The thermodynamic activation parameters of the molecular 
dissociation and association reaction, ‡, ‡ and ‡, ‡ respectively are indicated, as 
well as the difference between the bound and unbound state: , and . There is an inherent difference between the Arrhenius equation and the Eyring equation. The Arrhenius equation describes the empirical macroscopic reaction rate constant, while the Eyring equation describes the microscopic reaction rate corresponding to a molecular reaction step. A direct comparison between the Arrhenius equation and the Eyring equation can only be made when describing a single step reaction.112† The thermodynamic properties of DNA have been studied thoroughly in literature.107,110,111 In addition to the hydrogen bonds that form between the nucleotides in a basepair, the inter-base pair stacking contributes to the thermodynamic state of the bond. Therefore, the sequence of the DNA strand has to be taken into account in order to determine the thermodynamic properties of a hybridized DNA strand.  The thermodynamic properties of the DNA sequence are determined by adding the contributions of the initiation of the DNA hybridization and the contribution of every combination of neighboring base pairs afterwards: 

Δ total∘ = Δ initiation∘ + Δ   ∘ + Δ c∘ . (4. 30) 
                                                                  † Then ‡ = Δ ‡ +  and Δ ‡ = 4.576(log − 10.753 − log ). Where  is the Arrhenius prefactor, made units of  by dividing by 1 M. 
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The values for Δ ∘ can be calculated from the values for Δ ∘ and Δ ∘ in Table 4.2 using the definition of the Gibbs free energy Δ ∘ = Δ ∘ − Δ ∘. Each basepair combination in Table 4.2 accounts for the contribution of the second base pair, and the stacking energy of the base pair combination. Therefore, the summation runs over each neighboring set of two base pairs. In the example DNA duplex: Sense 5 − ACGTC − 3Antisense 3 − TGCAG − 5  
there are four sets of neighboring base pairs: AC/TG, CG/GC, GT/CA and TC/AG. The energy contributions of the initial base pair A/T is accounted for in the initiation contribution. In this case Δ ∘ = (0.4 − 5.6 − 8.1 − 6.5 − 4.5) ⋅ 10 = −24.3 ⋅ 10  J and Δ ∘ = (−9.6 − 14.5 − 20.0 − 17.6 − 11.3) ⋅ 10 = −73.0 ⋅ 10  J/K. At a temperature of 293 Kelvin this leads to a grand total of Δ ∘ = −2.91 ⋅ 10  J. 
Table 4.2: Values for  ( J )and  ( J/K ) for the sixteen (ten unique) neighboring base pairs 
in 1M salt conditions. The leftmost column lists the two nucleotides of the neighboring base 
pair along both the sense and the antisense strand. Six base pair combinations are degenerate 
and have the same  and  values as their reversed sequence. The values for the initiation 
of strand and the entropic penalty for self-complementarity of the sequence is given. Values 
reproduced from Sugimoto et al.110 Sequence of DNA duplex (sense 5'-3' / antisense 3'-5') Δ ∘ 10 J  Δ ∘ 10  J/K  

AA/TT or TT/AA -5.5 -15.1 AT/TA -3.9 -10.5 TA/AT -4.6 -12.7 CA/GT or TG/AC -5.7 -14.5 CT/GA or AG/TC -4.6 -11.3 GA/CT or TC/AG -6.1 -16.2 GT/CA or AC/TG -6.5 -17.6 CG/GC -8.2 -20.1 GC/CG -7.3 -18.3 GG/CC or CC/GG -7.5 -19.6 
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Initiation 0.4 -6.3 Self-complementary 0 -9.6 Non-self-complementary 0 0  The calculated  Δ ∘ is the free energy change upon formation of the DNA duplex, but does not provide information on the activation free energies ΔG‡ associated with the formation and breaking of the DNA duplex. The equilibrium dissociation constant  is the ratio between the reverse and forward reaction rate.  The following relation is obtained: 
= = ⋅ h⁄ ⋅ exp − Δ  ‡⋅ h⁄ ⋅ exp − Δ  ‡

=  ‡  ‡ = ⁄ . (4. 31)
 

The transmission coefficients  and  are generally assumed to be equal and therefore cancel out in equation 4.31. In this definition,  is unitless and both  and  have the unit ( ). This is achieved by normalizing all concentration parameters (e.g. [A], [B]) with a factor of 1 M, effectively removing the unit M from all expressions.  
The final simplification is possible because Δ  ‡ − Δ  ‡ = Δ  as can be seen in Figure 4.6. Note that due to the sign difference in the respective definitions of Δ  and Δ ° that Δ = −Δ °. With equation 4.31 we can determine the equilibrium reaction constant  for the DNA duplex association and dissociation rate constants directly from the thermodynamic parameters. The value  corresponds to the molecular process of association and dissociation. In general,  does not correspond to the value  observed in experiments, which describes the macroscopic reaction. The dissociation constant  can be equated to the one calculated from Δ  based on the Eyring equations, if it is assumed that dissociation and association occur in a simple single step reaction of which = .‡ In literature dealing with the thermodynamics of DNA, the assumption is generally made that DNA hybridization is a single step reaction and all thermodynamic factors are determined under this assumption. Thus, the DNA                                                                   ‡ In practice, sections of the DNA strand can dissociate while others remain associated. For short DNA (< 50 base pair) however there are in general no well-defined intermediate states that are rate-limiting. 
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hybridization reaction is assumed to follow: A + B ⇆ AB resulting in the reaction equation: [A][B][AB] = = = ⋅ 1 M. (4. 32) 
The stability of different lengths of the final sequence113 5’ - CCG TTG CGA TGT CAG TGG TAG AAG GGA GCC - 3’ is shown in Figure 4.7. 

 
Figure 4.7: Calculated stability of a dsDNA strand as a function of the length of the 
complementary DNA strands at room temperature (25℃). The stability of the sequence is 
calculated using equation 4.31, and expressed in terms of the dissociation constant  of a 
strand with the number of complementary nucleotides as given on the horizontal axis. The full 
30 nucleotide ssDNA sequence is 5’ - CCG TTG CGA TGT CAG TGG TAG AAG GGA GCC - 3’ (60% 
GC-content).  The shorter sequences correspond to a subset of the full sequence, starting from 
the 5’ side, e.g. the entry for 5 nucleotides corresponds to the sequence 5’ - CCGTT - 3’ with its 
complement 3’ - GGCAA - 5’. The dashed red line is a fit of the form = 10 ⋅ . At room temperature, the stability of dsDNA increases dramatically with the number of complementary base pairs as shown in Figure 4.7. An exponential fit of the 
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dissociation rate shows that the stability of the dsDNA strand is approximated by the equation 10 ⋅  with = 1.9 ± 0.1 and = −1.34 ± 0.02. Thus, per nucleotide the dissociation constant decreases on average with a factor 10 . ± . , at a temperature of 25℃ for a sequence with 60% GC-content.  The stability of DNA is often defined in terms of the melting temperature: the temperature at which exactly half of the DNA strands are dissociated, and half are associated. This definition is practical because in many experiments the temperature can be controlled. E.g. in PCR measurements the temperature is cycled to repeatedly dissociate and associate DNA strands. The melting temperature can be calculated from the thermodynamic properties: 
= °° − ([ ] 2⁄ ) (4. 33) 

Where  is the melting temperature, Δ ° and Δ ° are the enthalpy and entropy change of the dissociation reaction, and [dsDNA]  is total amount of corresponding dsDNA that can be formed in the system. 
4.5.2. Association and dissociation rate of DNA From experimental data  is empirically determined to follow the relationship =⋅ √ ⁄ , where  is the length of the DNA in number of nucleotides and  the number of nucleotides that describe the length of the unique sequence.114,115 If the entire sequence is unique it follows that =  and  = √⁄ . The dependence on the parameter  is attributed to the excluded volume effect that the DNA strands experience during an encounter; the larger a DNA strand is, the more coiled up the molecule becomes, decreasing the number of effective encounters.  The parameter  is now primarily a function of temperature, salt conditions, viscosity, and pH. The highest  is observed at a temperature of − 25 K. At the optimum temperature = 3.5 ⋅ 10   under the conditions [Na+] = 1 M and pH 7.0. Corrections on the parameter  within normal experimental conditions are discussed by Wetmur et al.114 Under normal experimental conditions fall within 0.1 to 1 times the optimal .  The dissociation rate constant  determines the typical lifetime of a single molecular bond. An estimation of the dissociation rate constant can be made by combining the empirical association rate constant and the thermodynamic equilibrium constant: = ⋅ . The characteristic lifetime of such a bond then becomes: =1⁄ . By combining the dissociation constant , which is determined from the thermodynamic parameters, with the empirically established  it is possible to make an estimation of . With , estimations can be made of the lifetimes of the dsDNA hybrids used in the particle motion biosensor. 
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4.6 Brownian motion of tethered particles This section describes the diffusive motion of the tethered particles. The diffusive motion of a tethered particle can in the limit of short timescales be described as free diffusive motion. At longer timescales the diffusive motion deviates from free diffusion, as the tether confined the particle to the attachment point. Furthermore, the proximity of the particle to the substrate leads to hydrodynamic interactions between the particle and the substrate, for which the diffusion constant needs to be corrected.   
4.6.1. Free diffusion The expectation value of the diffusive excursion of a free particle in bulk liquid is described by the equation: ⟨ ⟩ = 2 , (4. 34) where  is the position of the particle at time  from its starting point, observed in  dimensions, and  is the diffusion constant of the particle in the liquid. The diffusion coefficient originates from the general definition =  , in which  is the mobility of the diffusing element. The mobility is defined as the ratio between the terminal drift velocity and the applied force. For smooth, spherical particles in a low Reynolds number flow, the drag on a particle as function of the particle's speed is given by Stokes' relation: = 6 (4. 35) In which  is the dynamic viscosity of the fluid, r is the particle's radius, and V the speed of the particle through the fluid. This equation is used to determine the diffusive step size in the Brownian Dynamics simulations (Chapter 5), and to define the diffusion constant . Using the definition = ⁄  of the mobility yields: 

= 16 , (4. 36) 
which then yields the Stokes-Einstein relationship: 

= 6 (4. 37) 
for the diffusion speed of a particle in a fluid. This relationship is valid for smooth, spherical, non-interacting particles in a low-Reynolds (laminar) flow regime. 
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4.6.2. Diffusion near a planar substrate Tethered particles diffusing in close proximity to a planar substrate have hydrodynamic coupling with the substrate, where the boundary condition requires the flow to be zero. Corrections can be made to the diffusion to account for these interactions. The height dependence of the correction is given by Faxén's law116 and is different for lateral (in plane) and axial (out of plane) motion with regard to the substrate. The corrections to the stokes drag are in good approximation: 
∥ = ⋅ 11 − 916 h + 18 h − 45256 h − 116 h (4. 38) 

 
= ⋅ 11 − 98 h + 12 h − 57100 h + 15 h + 7200 h − 125 h (4. 39) 

 The resulting lateral and axial correction factors are shown in Figure 4.8. 
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Figure 4.8: Approximate correction factors for the lateral (blue line) and axial (red line) 
diffusion constants as a function of the height ℎ, shown on double logarithmic axes. The height ℎ is measured from the surface to the center of the particle with radius . The correction factor 
is normalized by the free diffusion constant . The inset shows the definition of the height, 
and the lateral and axial directions.  These approximations deviate for the lateral and axial correction by less than 1% respectively 0.3% from the exact solution over the full range of possible heights.117 The maximum correction for ∥ is a factor of 3.1 for a particle very close to the surface, while the correction for  diverges to infinity when approaching the surface. As  is inversely related to , the axial diffusion rate  for a spherical particle very close to a surface becomes zero. This effectively traps the particle onto the surface. However, it is likely that in this limit, where the particle approaches the surface closely, the assumptions of a continuous fluid and smooth surfaces are not valid anymore.  A diffusing tethered particle near a planar substrate undergoes a motion in which the translation and rotation of the particle are coupled, due to the geometrical restrictions of the tether. This is especially the case if the tether is small compared to the diameter of the particle. To describe the full diffusive behavior of the system it is possible to model and simulate the system while taking the tether and particle into account.22,118 For the simulations of the tethered particle motion described in section 2.5, we are mostly interested in the position distribution of the particle, and can therefore disregard the time-dependent diffusive behavior. The Brownian Dynamics simulations described in Chapter 5 simulate particle diffusion within the confinement of the tether. 
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4.6.3. Types of diffusion  When a diffusing particle experiences interactions other than the hydrodynamic drag, the diffusive behavior is observed to deviate from normal motion.3 There are several types of diffusion, of which the type can be classified by the time dependence of mean-squared displacement from the initial position ⟨ ⟩. The most common diffusion types are shown in Table 4.3. 
Table 4.3: Overview of several types of diffusive behavior with the corresponding equations for 
the mean-squared displacement. Here  is the number of dimensions in which the diffusion is 
observed ( = 2   ), D is the diffusion coefficient of free diffusion, t is time, 
v is the drift speed,  is the effective radius of the confinement, and  is a time constant 
related to the interaction rate of the particle with the boundaries of the confined motion. 

Diffusive behavior Mean squared displacement 
Normal ⟨ ⟩ = 2 (4. 40) 

Anomalous ⟨ ⟩ = with < 1 (4. 41)  
Directed ⟨ ⟩ = 2 + (4. 42) 
Confined ⟨ ⟩ = ⋅ 1 − (4. 43)  When the diffusion coefficient is lower due to an interaction, e.g. the hydrodynamic surface drag, the diffusion is called 'hindered'. The proximity of the particle to the substrate leads to a decreased diffusion rate, as described by Faxén’s law. The diffusive motion of a tethered particle is therefore hindered. Anomalous diffusion occurs when a particle diffuses freely on small scales, but is hindered at larger scales. An example system that would lead to anomalous behavior is diffusion within compartments, in which hopping from one compartment to another is a slow process. Such motion may be observed in tethered particles when the transition from one part of the position distribution to another is unlikely, for example due to a roughness induced geometrical limitation. Confined diffusion occurs when a particle undergoes an interaction that confines the particle to a limited space, such as a particle confined by a tether. The initial diffusion of the particle matches the free diffusion, up to the point in time where the particle starts to experience the effect of the confinement, captured in the parameter . The characteristic confinement time  depends on the diffusion coefficient D and the confinement radius . By equating the diffusive speed of a confined particle to a 
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freely diffusing particle at = 0, the characteristic confinement time is found to be =/2  in  dimensions. The diffusion constant can be deducted from the characteristic time . Confined diffusion is of special interest for tethered particle motion, because the tether confines the particle to an excursion that relates to the tether length and the radius of the tethered particle. 
4.7 Conclusion In this chapter the reaction kinetics and the particle diffusion of the tethered particle system have been discussed. We have derived an analytical solution for the activity of the biosensor as a function of the concentration of target molecules using solution based reaction equations, assuming that the monovalent sandwich formation is a rare occurrence. The activity of the system is expressed in equations 4.25 and 4.27 in terms of the fractional occupancy  and  of the oligos A and B with target molecule T, which depend on the dissociation constants of the respective interaction and the target molecule concentration.  In section 4.5 we have given a method for estimating the dissociation constant of DNA oligo interactions directly from the complementary sequence. This estimation is based on the empirically determined relation for the DNA association constants and the thermodynamic parameters of the interaction. These estimations can be used to compare the observed dissociation rates of the oligo reactions in the tethered particle biosensor. The diffusive motion of the tethered particles was described in section 4.6. The motion of the tethered particle can be described as confined diffusion as per equation 4.43. The diffusion rate of the particle is decreased by hydrodynamic interactions between the particle and the substrate. The development of the diffusive motion over time within the confinement is described by a characteristic time constant, from which the diffusion constant can be derived.   
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Chapter 5. Algorithm for the Analysis 
of Dynamic Tethered Particle Motion 
Data with Heterogeneous Interaction 
States 

5.1 Introduction Tethered Particle Motion (TPM)6 has proven to be a valuable technique for investigating diverse molecular systems. In TPM experiments a particle is bound to a substrate via a single molecular tether. The Brownian motion explores the possible conformational states of the particle confined by the tether. Small changes in the tether are reflected in the motion of the particle. These changes allow for the measurement of properties of the tethering molecule, e.g. the persistence length,19 contour length,6,10,14,19 or interactions between DNA and proteins such as restriction enzymes,23 nucleases,32 helicases42 and recombinases.42,43 The analysis of the particle motion is performed using several motion parameters, e.g. the mean-squared-displacement,13 motion amplitude,6 step size, and symmetry of the motion.15 The choice of the motion parameters used for data analysis depends on the molecular system studied.  
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Figure 5.1: Illustration of a dynamic tethered particle system with secondary bonds. (a) Sketch 
of a dynamic system in which the particle becomes intermittently bound to the substrate in 
presence of the target molecule. One type of binder molecule is attached to the surface of the 
particle, the other on the substrate. Both binder molecules can bind simultaneous to the target 
molecule, which is present in the fluid. The resulting secondary bond results in a change of the 
motion of the tethered particle. (b) The motion data is represented by four motion parameters 
(two in the Cartesian and two in the polar coordinate system) and their step sizes. The result 
of the analysis algorithm is a timeline in which the dynamic behavior of the system is 
represented and the moments of change in the binding state (indicated by the red lines) is 
recorded. The central pillar of TPM is the analysis of the change in the motion of the particle. The motion has discrete mobility states if the diffusive behavior and/or the position distribution (motion pattern) of the particle motion has well defined states, and changes between states occur instantaneous. For TPM data with discrete mobility states, there are several methods available for the analysis of the motion data. Histograms of the motion parameters can be used to discriminate between the different states.23 Firstly, distinct states can be identified by applying thresholds to the motion parameters to categorize the data. The thresholds are chosen based on the expected signal from the system. This works well for systems where the motion parameters are clearly different between states, but is not straightforward in cases where the states have overlap in the observed motion parameters. For the analysis of diffusive motion of particles, the thresholding method is hindered by the fact that the motion of the particle is Brownian in nature, and therefore often requires filtering of the data at the cost of time resolution.23,41 So secondly, to account for Brownian motion, the data can be analyzed using a Diffusive Hidden Markov model26 which incorporates the Brownian motion of the particle in the analysis of a particle hopping between well-defined mobility states. Both analysis methods require the system to have a priori known well-defined states. The Hidden Markov method described by Beausang et al. 
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assumes two states for example. Strong selection criteria are generally set to select the particles with well-formed tethers that exhibit these well-defined states in their motion. A third method, developed by Manzo et al., uses a statistical maximum likelihood estimation of particle mobility change points.27 This method requires no filtering of the data, neither does it presume any kinetic model. However, its application is limited to particles that exclusively change their amplitude of motion. All these data analysis methods are ineffective in the analysis of particle motion in heterogeneous systems. In these heterogeneous systems both the number of binding states, and the position and size of the bound states vary from particle to particle. Heterogeneous systems arise often in biochemical assays due to the stochastic nature of the reactions. An example of a system with heterogeneous binding locations is shown in Figure 5.1. Analysis of the data can therefore not be based on predetermined thresholds or methods in which well-defined states are assumed.  In this chapter, we propose a data analysis method and an algorithm for the detection of changes in a system with heterogeneous mobility states, which we use in Chapter 6 to analyze the mobility changes observed in the tethered particle biosensor system. The data analysis method encompasses a simple, yet powerful technique for detecting the moment of significant changes in the distribution of a continuous stream of data. This method is then implemented in an algorithm for the detection of changes in particle motion.  The data analysis method is based on continuous detection of changes in the second moment of the data at arbitrary significance levels. In the first step the analysis algorithm uses the second moment divergence function to detect the changes in motion and determine the time-point of the change. In the second step, time intervals with similar motion data are combined using the Kolmogorov-Smirnov test. In the final step the area covered by the motion and the step-size is used to weed out false-positive detections of events. The performance of the analysis algorithm is tested and quantified using simulated and experimental data of particle motion. 
5.2 Second moment divergence function  The motion data of the tethered particles is represented by the particle position and the step sizes as a function of time.  The standard deviation  of a data set  (with = 1,2, … , ) is defined by =⟨( − ) ⟩  in which  is the average value of the data points. The second moment divergence function quantifies the deviation of a series of data points from a distribution with a certain , and : 
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( ) = ( − ) − (5. 1) 
The second moment divergence function ( ) is calculated up to data point  at a time . For TPM data this reflects the motion data up to that point in time. We assume that the data is sequential, with the sequence determined by the time of the measurement and that the data points are taken at equidistant time points. For data in which the mean and standard deviation of  do not change, ( ) is going to fluctuate around ⟨ ( )⟩ = 0. If the distribution changes, ( ) will deviate from zero. In order to determine when the accumulated error deviates significantly from the zero baseline it is necessary to estimate the expected fluctuations around the baseline. For this consideration, we assume that  is normally distributed. 
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Figure 5.2: Comparison of the behavior of the second moment divergence function ( ) in 
detecting uniform normal distributed data (panel a) and normal distributed data with a 50% 
increase in  after 150 data points (panel b). The top graphs show two examples of the 
randomly generated datasets (blue), with the moving average filtered data (ten data point 
filter width, orange) for comparison. The bottom two graphs show the ( ) function for five 
randomly generated datasets. The red curves show the 3  significance level of the ( ) 
function. The expectation value 〈 ( )〉 = 0 for unchanged data is shown as a light blue line. 
In the right bottom panel the function ( ) has been fitted with a linear function = + ⋅
 from the point of crossing the 3  significance level and back-extrapolated to the point where 

the fit crosses the horizontal zero line.  The simulated behavior of ( ) for several simulated curves is shown. In Figure 5.2a, the behavior of ( ) is shown for randomly generated, uniform, normal distributed data, while Figure 5.2b shows the same, but with a 50% increased standard deviation after 150 data points corresponding to a different state. A clear divergence is visible in ( ) from 150 data points on, illustrating the sensitivity of the second moment divergence function to changes in the distribution of the data. For interpretation of ( ), the significance level of the observed deviation of ( ) from zero should be known. We first consider the effect of any data point value of  on the second moment divergence function ( ). The possible values of  can be divided in two intervals: 0 ≤ <  and < , referred to as  and , separated by the infinitesimal case = .  For normal distributed data, the interval  contains 68.3% of  and has ⟨ − ⟩ = −0.709, while  contains 31.7% of the data with 
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⟨ − ⟩ = 1.525. The positive contributions in  are approximately 2.15 times less likely, but contribute on average 2.15 times the value compared to the negative contributions in . This behavior is observed in the two bottom panels of Figure 5.2 where positive steps are less common, but generally larger than the negative steps. 

 
Figure 5.3: Probability plume of ( ) for simulated data with = 1, valid for any accurately 
known value of . The probability density was normalized to the maximum probability 
observed at a given -value. The inset highlights the asymmetric start of the plume. A total of 10  sequences of  have been generated and the corresponding ( ) determined to generate 
the probability plume. The white dashed lines in both plots represent the 3  significance line 
which contains 99.7% of the plume. Simulations of the development of ( ) with ⟨ ( )⟩ = 0 are performed to reveal the plume of the possible outcomes in the probability map, shown in Figure 5.3. The distribution of possible values of ( ) starts as an asymmetric distribution due to the asymmetry in the probability of  and , but develops into a normal distribution as  increases. At higher  the probability asymmetry is averaged out. The standard deviation ( ) in the possible outcomes of ( ) for normally distributed data  with variance ( ) =  is empirically determined to follow:  

( ) = √2 ⋅ ⋅ ⁄ (5. 2) This relationship can be used to determine the significance level of any observed value of ( ). Note that the significance level of ( ) in this definition should be interpreted at a single value  and not over the entire domain of ( ); the probability of observing 
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at least one deviating value of ( ) becomes one in the limit of → ∞. Furthermore, ( ) does not account for the initial asymmetry and is determined for uncorrelated, normal distributed data. For data with different distributions or correlations, similar probability plumes can be simulated and used to correctly determine the significance of an observed ( ) value. 
5.2.1. Back-extrapolation of the divergence point Our aim is to detect the changes in the motion state of the tethered particles by analyzing the motion data. If the distribution of the data differs from the reference parameters  and , ( ) will increase linearly with a slope = ⟨( − ) − ⟩. By performing a linear fit of the form + ⋅  to the part of ( ) that starts diverging from zero the increase in ( ) can be determined. By back-extrapolating the fit it is possible to estimate the point = − ⁄  at which the divergence started. Care has to be taken to only include data points that are part of the rising/declining flank of ( ) in the fit, and that enough data points are included to average out the random fluctuations. 
5.2.2. Performance of the state change detection method The performance of the proposed detection method for a change in state depends solely on the contrast in  and  in the data. Simulations have been performed with normally distributed data with initial parameters = 0 and = 1 with a change Δ ∈ [−2,2] and Δ ∈ [−1,  1.5] at a data point that we label with the index = 0. The performance of the analysis method is quantified in terms of the average number of data points it takes to detect a 3  significant change, and the standard error in the back-extrapolated divergence point. The number of data points required to detect a | ( )| > ⋅ ( ) change can be interpreted as the response time of the second moment divergence function for a significant change with a confidence level of -sigma. In terms of the tethered particle motion, a state change can lead to a change in the motion data, characterized by a change of the average data value from  to + Δ  and the standard deviation of  to + Δ . Clearly, a bigger Δ  and Δ  will result in a stronger divergence of ( ) and a faster response. This is reflected in Figure 5.4a which shows the response time and the deviation in the detected time for a 3-sigma significant change as a function of the relative change in Δ  and Δσ. An analytical solution for the expected response time is derived in Appendix A. Response times over 1000 are regarded as no response. No response is seen at the point (0, 0) at which no change to the data is introduced and no response is expected. In addition, there is a ring of no response for (Δ / + 1) +(Δ / ) = 1 where the change in both parameters cancel out in the definition of ( ). This creates a theoretically infinitesimal thin ring where no change in motion is 



Chapter 5 - Algorithm for the Analysis of Dynamic Tethered Particle Motion Data with 
Heterogeneous Interaction States 

108 

detected using this method. The average number of data points required for significant detection decreases quickly as the distance from the ring increases. For Δ = 0 the response time is fast with an average detected change in less than 20 data points for |Δ / | > 0.4. Similarly, if Δ = 0, a response is observed in less than 20 data points for |Δ / | > 0.1. 

 
Figure 5.4: Performance of the state change detection expressed as the number of data points 
required to detect a 3 ⋅ ( ) significant change in the data (panel a) and the standard error 
of the divergence point detection (panel b). Note the logarithmic color scale used in both 
panels. Both colormaps have a bin size of 0.025 in both /  and /  with 10000 
simulations performed per data point. Combinations of /  and /  for which a 
change event was not reliably detected are shown as the brightest yellow. Contour lines are 
included in the plots for response times/standard errors of 5, 10, and 50 data points. The right 
plot shows a typical banana-like shape. The divergence point  is determined from the back-extrapolated second moment divergence curve. The determined  values are distributed around = 0, the actual change point of the data for the entire simulated domain, with the exception of the ring where the detection method is not sensitive. The standard deviation in the values of  , which represents the standard error in the divergence position detection, is shown in Figure 5.4b. The ring in which the analysis method is insensitive is present as 
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expected. Just outside the ring the error shrinks quickly to below 10 data points in what can be best described as a banana distribution. Inspection of the detected times of changes reveals that in rare cases (< 0.1% of simulations) strong outliers in  are observed. These arise when the linear fit that is used to back-extrapolate to the time of change has a slope factor  close to zero, and as a result large values for the divergence point are found.  
5.3 Analysis of experimental data The detection algorithm is designed to act on experimental data. This section describes first the choice of the time and position coordinate system in which the data is expressed. In the section 5.3.3, we consider the effect of Brownian motion; Brownian motion does not sample the position distribution randomly. A correction of the detection algorithm will be discussed to incorporate this effect.   
5.3.1. Sampling rate The time between data points in the experiments is defined by the experimental sampling rate. In our case, the sampling rate is 30 Hz; therefore, one data point is taken equidistantly in time every = 1/30 s. The following discussion will be held in terms of both the sequential index of the data point and the experimental time. Time will be used where the experimental details play a role. The relation between the experimental time  and the data point index  is = ⋅  such that the index of the data point indicates the time of the measurement. 
5.3.2. Choice of the coordinate system The experimental data provide the motion data as the position of the particle projected onto the -plane which is parallel to the substrate. The positions of the particles are reported as list of Cartesian coordinates in which each entry corresponds to the position of the particle at one moment in time. The step size is the change in the position coordinate over a certain time period (e.g. one data point). For the detection of binding events both the position and the step size are parameters that are expected to change with the state of the system; when a tethered particle forms an additional bond with the substrate, its position and the maximum step size become confined by the newly formed bond. Due to the rotational symmetry of the free-tethered particle motion, polar coordinates seem to be a good choice to describe the motion. Surface bound, single tethered particles exhibit a circular symmetry in cases where the underlying molecular system is rotationally unrestricting. However, double bound particles exhibit a mirror symmetry in which the mirror plane passes through both tether points. The angle of 
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the mirror plane is not bound to either of the Cartesian axes, but passes through the center of the motion pattern. It is therefore sensible to transform the position data into polar coordinates with the origin at the center of the motion pattern for the analysis. However, there are a few considerations on the use of polar coordinates. The first consideration is that polar coordinate systems diverge at the origin; for = 0 the angle  becomes ill-defined. Secondly, the coordinate  is discontinuous when switching from =  to = −  or vice versa. In contrast, the particle motion is continuous over the entire motion pattern. Secondly, the position changes expressed in polar coordinates are not directly physically interpretable, e.g. the angular distance  between two points in a polar coordinate systems in the angular direction depends on both  and the change in angle Δ  as = ⋅ Δ .  Therefore, the data is simultaneously expressed both in Cartesian coordinates and in polar coordinates yielding the parameters ( ), ( ), ( ), and |θ( )| for the position, and Δ ( ), Δ ( ), Δ ( ), and Δ ( ) for the step size the particle makes in a certain time interval Δ . The parameter Δ ( ) is calculated from the observed total step size and the step size in the radial direction: Δ = (Δ ) ⋅ Δ + Δ − Δ . The advantage of using this parameter is that the magnitude of the step size is retained, and thus problems near the origin are avoided. In total, this yields a set of eight parameters that describe the position and motion of the particle. These eight parameters are redundant as the Cartesian and polar data describe the same data. Both coordinate systems are used as the state changes may have a different visibility in each coordinate system. 
5.3.3. Considerations on Brownian motion  The interpretation of the second moment divergence function assumes that the data is normally distributed and uncorrelated. However, this is true only if the motion of the tethered particle is sampled at rates for which the autocorrelation of the Brownian motion approaches zero.  The tethered particle undergoes Brownian diffusive motion while being physically confined by the tether. The force exerted by the tether on the particle becomes strong only upon stretching the tether close to its contour length.81,87 Significant stretching occurs when the particle is near to its maximum distance from the substrate or at the edge of the motion pattern. The motion in the bulk of the motion pattern can be approximated as free diffusion of the particle in the two-dimensional motion pattern as governed by the Einstein equation: ⟨ ⟩ = 4 . The diffusion constant  can be estimated using the Einstein-Stokes equation.54 The particle will take a characteristic confinement time = /4  to reach the in-plane, circular confined range of motion of radius  from the center and corresponds to the characteristic correlation time of the Brownian motion. The effect of the increase in viscous drag due 
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to the proximity of the particle to the substrate is not included, but can increase the autocorrelation time by an approximate factor of two to three.116  The correlation in the particles position originates from the fact that the particles position depends on its starting location, as follows directly from the Einstein equation. The motion of the particle is therefore autocorrelated with a time constant that relates to the typical traverse time. The motion of the particle becomes uncorrelated over time periods when the particle has moved several times through the motion; that is for ≫. The motion of the particle can therefore not be considered uncorrelated at sampling times of 5 - 50 ms which are typical for TPM measurements.26 The assumption that the data comes from uncorrelated data is therefore not valid for the motion of a tethered particle, unless sampling rates are low such that ≫ . At faster sampling rates the autocorrelation needs to be taken into account in the analysis of ( ).  The effect of the correlation is that the accumulated error function ( ) will accumulate series of similar values, increasing the probability of larger values and therefore lowering the significance of an observed value of ( ). Note that this is not an inherent problem of the analysis method, but directly related to the diffusion characteristics of the particle. To account for this, an ad hoc correlation correction factor  is added to equation 2:  
( ) = 1 ( ). (5. 3) 

This can be interpreted as counting every data point with a weight factor of 1⁄ . The value of  can then be chosen such that the total weight of all significantly correlated data points is 1. As a consequence, it will take a factor  more data points/time to detect a significant change in motion.  The characteristic confinement time of a particle with a diameter of 1000 nm tethered by a 40 nm dsDNA tether is determined in appendix B, and found to be = 70 ± 25 ms. To account for the diffusive time, we adopt a correction factor = 3 for the analysis of the diffusive motion of these particles. 
5.4 Detection algorithm The detection algorithm is built to detect significant changes in the motion of the particles. This is done in three consecutive steps. The first step determines the candidate time points in which the motion of the particle changes significantly. This is based on the second moment divergence function. The final two steps perform several checks on the candidate windows to check if the data in the windows differ significantly from each other as the first step is purposefully made extra sensitive. In the following 
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description of the algorithm the data is assumed to be sampled at regular intervals with the index of the data point indicating the time of the measurement.  The algorithm has been developed to be applied to the data of the tethered particle biosensor described in Chapter 4, and of which the experimental verification is performed in Chapter 6; the criteria and parameters discussed in this section have thus been chosen appropriately for that system.  
5.4.1. Workflow of the algorithm The workflow of the algorithm is illustrated in Figure 5.5. First, the motion data is aligned with the likely attachment point of the primary tether: the center of the motion pattern. To determine the center, the middle point of  and  data between the 0.3rd and 99.7th percentile of all data points is taken. This process works for asymmetrically distributed patterns, rejects outliers, and determines the reference point for the position parameters ( ), ( ), ( ), and | ( )|. The step sizes Δ ( ), Δ ( ), Δ ( ), and Δ ( ) are determined for a given step time Δ  of 3 data points, which corresponds to 100 ms. The value of Δ = 100 ms is chosen to ensure that the particle has enough time to traverse the available space and experience the confinement boundaries. This ensures that the step size optimally reflects the confinement that the particle experiences. 



 
Detection algorithm 

113 

 
Figure 5.5: Schematic representation of the three-step process of the algorithm. In step 1, the 
center of the motion pattern is chosen as the origin, the motion is represented in Cartesian 
and polar coordinates, and the corresponding step sizes in these coordinates calculated. The 
data is scanned for significant changes in motion behavior, based on the second moment 
divergence function, and the results of all 8 channels are combined using criteria that combine 
detected deviations in all 8 channels. Detected events are shown as vertical red lines in the 
data. Step 2, the data between the detected events are compared using the Kolmogorov-
Smirnov test in several passes, in which the required significance of the test is incremented. 
Events are removed and intervals are combined when no significant difference is found. Step 
3: the physical motion parameters of the particles are determined and intervals with no clear 
change in behavior are removed. A timeline shows the motion pattern exhibited during these 
times and a sketch of the binding state of the particle. The data presented here are solely for 
illustration purposes. 



Chapter 5 - Algorithm for the Analysis of Dynamic Tethered Particle Motion Data with 
Heterogeneous Interaction States 

114 

5.4.2. Step 1: Detection of candidate events Each data channel is progressively scanned for deviations using the second moment divergence function. Two windows are used on the data: a reference window, and a sliding search window. The first window is the reference window, which is used to estimate the mean value and the standard deviation of the data between the previously detected event  and  which signified the current active position of the search algorithm. The second window is a sliding search window containing 25 data points in which the algorithm searches for an event. The current search start value of  is incremented by one data point as long as no event is detected near that location.  The search window is limited to 25 data points, it is within these 25 data points that a change in the motion of the particles must be detectable. This sets a requirement on the minimum observed contrast in the motion before and after an event. Increasing this search window would relax this requirement, but may increase the detection rate of spurious events. Our choice of 25 data points is chosen as a balance between sensitivity and calculation times for our application. From the data in the reference interval [ , ⟩ the mean value  and the standard deviation  is determined. Additionally, the slope of the reference data is determined using a linear fit of the data, which is required to be sufficiently flat in order to ensure that the full data distribution is being sampled, and that the particle is no longer exploring the available motion freedom. The requirement on the slope  is: | | <(3 ⋅ ( − ))⁄ . If the slope requirement is met, the second moment divergence function ( ) is determined for the data in the search interval ⟨ , + 25], and the maximum significance level is determined. If the slope requirement is not met, the significance level of that channel is considered to be zero. In order to detect a significant change in the motion of the particle, a set of requirements is placed on the deviation observed in each parameter channel. An overview of these sets of requirements is given in Table 1. Note that there is an additional threshold on the total significance level of all channels when only a single channel exceeds the threshold. The threshold values have been optimized based on inspection of the performance of the algorithm on our experimental data (see Section 5.5.2 and Chapter 6). False positive detection rates were minimized, and the sensitivity was optimized based on a comparison between the algorithm results, and human identified events.  
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Figure 5.6: Flowchart of step one of the analysis algorithm. The algorithm continues until it 
reaches the end of the data. The final result is a list of the detected event locations. *For the 
four step-size channels it is assumed that = 0. 
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The algorithm proceeds as illustrated in the flowchart of Figure 5.6. First the reference and search interval are determined, and the distribution parameters are determined from the data in the reference interval. We will use the parameter  to indicate that the parameter belongs to a specific channel. For the search interval, the maximum significance level of ( ) is determined. This occurs for all eight data channels. If the requirements set in Table 1 are met, the positions ,  at which the change in motion is detected is determined for the significant channels. The divergence point is determined from back-extrapolating the linear fit over ( ) over the fitting interval [ ∗ − 10, ∗ +10] where ∗ is chosen to be either the latest point in the search interval where ( ) exceeds the 3  level, or the first point where ( ) exceeds the 5  level, whichever comes first. The fitting interval is truncated to fall within the search interval. If in addition to fulfilling the significance requirements, all channels detect the divergence point in the interval [ , + 5], the average detected time ̅ , rounded to the nearest integer, is accepted as a candidate event. The requirement that all divergence points must be detected at [ , + 5] is set to ensure that the data available in the search interval is optimally used, and to exclude extreme values of  that are occasionally observed. After the detection of an event the algorithm proceeds as follows:  is set to  ̅  and  is set to  ̅ + 25, and the process continues as before. This ensures that a minimum of 25 data points is available for the estimation of the parameters  and . If during the analysis, the requirements in Table 5.1 are not met or the detected divergence points do not fall within the interval [ , + 5], no event is detected and the active search location proceeds to the next data point; the value of  is incremented by one and the analysis is repeated. This process continues until all data has been parsed. The detection algorithm is not sensitive to certain combinations of Δ  and Δ , resulting in the blind ring observed in Figure 5.4. In the proposed algorithm for the analysis of the experimental data, we account for this by including the step size in the analysis. As the particle undergoes random Brownian motion and is confined to a finite area the average step size  = 0, avoiding the problem altogether. At the end of the first step of the algorithm all data has been parsed, and a list of candidate events has been constructed. In the next step of the algorithm these candidate events are scrutinized further. 
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Table 5.1: Criteria used for the detection of a significant change in motion. The criteria depend 
on the number of channels that exceed the required significance threshold. The significance 
level of an individual channel is represented as = (| ( )|) where n covers the search 
window   Significance level required in N channels Data channels Distribution parameters = 1 = 2 = 3 

( ), ( ), ( ), 
and | ( )| ,  > 5 ( ) = 3 > 5 ( ) = 3 > 5 ( ) = 3 

Δ ( ), Δ ( ), Δ ( ), Δ ( ) 

,  = 0 > 5 ( ) > 5 ( ) > 5 ( ) 
Additionalrequirements:  > 15  

  

5.4.3. Step 2: Merging similar windows The result of step 1 is a list of detected candidate events. To ensure that the data in the intervals between the detected events is significantly different, the second step employs the two-sample Kolmogorov-Smirnov (KS-) test which tests for the null hypothesis that both data sets come from the same distribution.119 The null hypothesis  is rejected at a certain specified significance level. At a lower significance level, the KS-test is more likely to reject  in favor of the alternative hypothesis  that the data comes from different distributions.  In the first pass, the data in interval  and interval + 1 are compared with the KS-test for = 1 …  − 1. If the KS-test rejects  in favor of  in any of the eight coordinate and step-size data channels, signaling a different data distribution, the event is kept intact. Otherwise the event is removed and the two intervals are combined. Multiple passes are made to sequentially test data intervals against increasing significance requirements. The list of significance levels used for the progressive passes is first 0.1 , and then increases from 0.5  up to 3  in steps of 0.25. 
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This ensures that only the most similar events are combined at first, and in progressively strict testing more and more dissimilar intervals are united. Merging data intervals together leads to larger datasets in the remaining intervals, increasing the accuracy of the KS-test in the later passes on the data. The final set of remaining events contains data with clearly different distributions. 
5.4.4. Step 3: Physical parameters of motion In the first two steps, intervals have been identified which show different distributions of the motion. In the final step, the remaining intervals between the events are assessed in terms of the physical parameters of the motion, e.g. the area covered by the motion and the step size of the motion of the particle. With these parameters, the observed motion of the particle can be interpreted in terms of the type of motion change that is expected from the biochemical system. This can be leveraged in order to discriminate actual binding events from false-positive detected events due to random motion.   In our system, where a tethered (40 nm) particle (Ø 1 µm) forms a shorter additional bond (~10 nm) with the substrate, it is clear that the area covered by the motion of the particle decreases upon formation of the additional bond. Furthermore, the average observed step-size should decrease due to the extra confinement of the particle under the requirement that Δ  is large enough for the particle to traverse the motion pattern and experience the confinement boundaries. In our implementation used for the tethered particle biosensor, we have set two additional requirements: the surface area explored by the particle, and/or the average step size must differ by a factor below 0.8 or above 1.25 between adjacent intervals.  
5.5 Results and discussion The algorithm proposed in the previous section is developed for the detection of binding events that occur for a functionalized tethered particle described in Chapter 4. The system contains 1 µm particles bound to a substrate using 40 nm DNA tethers, which keep the particles in close proximity to the substrate. In addition, the particle and the substrate have been functionalized with binders specific to the target molecules. In the presence of target molecules the particle forms an additional, short-lived bond to the substrate, which signals the detection of the target molecule. The secondary bond is shorter (~10 nm) and generally forms on a spot away from the central tether, leading to an eccentric, more confined motion of the particle.  The algorithm was optimized for detection of these binding events. To account for the Brownian motion, a correction factor of = 3 is used for the four position channels. In the data, this can be interpreted as windowing the data over a 100 ms interval, which correspond to the theoretical expected 94 ms the particle takes to traverse the range of motion.  
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To assess the performance of the analysis method two approaches are taken. In the first approach the performance is tested against simulated motion data. Using Brownian dynamics simulations, the motion pattern of a particle is simulated with known time points of state transitions. The known time points can then be quantitatively compared to the result of the analysis algorithm to study the performance of the algorithm. The second approach is the interpretation of the analysis results in data obtained in experiments in which particles are dynamically switching between bound states.   
5.5.1. Verification of the algorithm using simulated data Simulated particle motion data was used to verify the implementation of, and to determine the performance of the algorithm. Motion trajectories with known event-times were generated using Brownian Dynamics simulations. The Brownian Dynamics simulation method is described in detail in Appendix C. The Brownian motion of the tethered particle was simulated as free diffusion of a particle experiencing an external force that models the confinement of the particles via the tethers.  The motion of the particle bound via the primary tether was simulated for 45000 data points, which corresponds to 25 minutes of motion data at a position sample rate of 30 Hz in our experiments. The motion of the double tethered particle that is bound with a secondary bond in addition to the primary tether was also simulated. The secondary bond is formed via a secondary tether of 10 nm that is attached on the substrate 200 nm from the attachment point of the primary tether. For the double bound particle 4500 data points are generated, corresponding to 2.5 minutes of motion data. The simulated reference motion data of the single bound particle and the double bound tether are shown in Figure 5.7. A comparison between the simulated and experimental observed motion of a double bound particle reveals that the experimental observed double bound particle has a more restricted motion pattern (compare with the experimentally observed bound states in Figure 5.10). The simulated double bound particle motion is therefore considered to be a worst-case scenario in which the contrast between the bound and unbound state is low. By decreasing the extend of the double bound motion to a width of 25 nm and a length of 90 nmIV we create a bound motion pattern which resembles the experimental observed motion better. This motion is considered as a best-case scenario as the contrast between the bound and unbound state is quite large. 
                                                                  IV The correlation time of the double bound motion is below 1 data point. Therefore, although the scaling does not accurately represent the Brownian motion of the particle, this has no impact on the determined performance of the algorithm; the particle is effectively randomly sampling the available position distribution. 
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Figure 5.7: Equilibrium position distributions of the particle motion used for testing the 
performance of the analysis algorithm. Three position distributions are shown: one 
corresponding to a ∅ 1  particle tethered only with the primary 40 nm dsDNA tether 
(black), one corresponding to the particle bound with a secondary 10 nm bond in addition to 
the primary tether (blue), one corresponding to a double bound particle with stronger 
confinement (copper red).  The simulated motion data of the primary bound particle motion, and the double bound particle motion serve as reference data for the motion of the particles in the two binding states (only primary tether, and two tethers). The analysis algorithm detects no events in the reference motion data; no false positive detections are observed. The average unbound state duration is over 30 seconds (see Chapter 6). The performance of the algorithm for unbound lifetime for 900 data points and over is therefore most representative for the performance of the system. To assess the performance of the analysis algorithm, motion trajectories are simulated in which the particle alternates between a single bound, and a double bound state. The effect of the duration of both the bound state, and the unbound state is studied; both durations are expected to determine the performance of the algorithm, with shorter durations of the states expected to lead to less contrast in the data, and therefore a lower detection performance. The duration of the single bound states is increased in steps of 100 data points from 100 to 1000 data points.  The duration of the double bound state is increased from 15 to 60 data points (0.5 to 2 seconds in a measurement with a sampling rate of 30 Hz) in steps of single data points. Per combination of single bound and double bound state duration, motion data with a total of 2000 state changes is constructed from the reference motion and used to determine the performance of the analysis algorithm.  
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Construction of the particle motion is performed as follows. A random section of the desired length is selected from the single bound reference data. Similarly, a part of the double bound reference data is selected. Both motion data segments are stitched together as follows. The double bound motion data is rotated around the origin such that the circle sector that fully encompasses the double bound motion includes the final position of the preceding single bound motion. Similarly, for the transition from the double bound state to the single bound state the first position of the single bound state is chosen to randomly lie in the circle sector between −60° and 60° around the preceding position. The described stitching method ensures that the particle in the constructed motion data becomes bound near the position it was diffusing in, and continues to diffuse near the position where it became unbound. Furthermore, the binding locations are placed randomly in all sectors of the motion pattern, leading to a homogeneous distribution of the binding locations. The performance of the algorithm is measured in terms of three parameters: sensitivity, specificity and accuracy. The sensitivity of the analysis method is quantified as the fraction of events that is correctly detected. For correct detection, we require the algorithm to detect the event within 30 data points (1 second) of a known change point in the constructed data. The specificity of the test is determined in terms of the fraction of events that are false positive events. False positive events are defined as events that are detected 30 data points or more away from an actual change point. The accuracy of the algorithm is determined as the standard deviation of the discrepancy between the detected change points and the actual change points. The accuracy can be interpreted as the expected error in the determined state change point. Together these three parameters describe the performance of the system. 
Sensitivity and specificity The sensitivity of the algorithm is shown in Figure 5.8a, where the performance of the algorithm in the best-case scenario, and the worst-case scenario is shown in blue and red respectively. 
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Figure 5.8: Sensitivity and specificity of the detection algorithm for the best-case scenario 
(blue) and the worst-case scenario (copper red) as a function of the duration of the bound 
state. a) sensitivity determined as the fraction of events detected within 30 data points of the 
actual location. The sensitivity is given for bound state durations of 100 (upward triangles), 
200 (downward triangles), 300 (circles), and over 300 data points (closed squares). The data 
for bound state durations of 300 data points and more is averaged and the standard deviation 
is given by the error bars. b) Deviation from perfect specificity expressed as the fraction of 
events corresponding to false positive detections. Due to the low number of false positive 
events no distinction is made between the duration of the unbound state. The sensitivity depends on the duration of the bound and unbound states. The sensitivity of the algorithm improves as the duration of the unbound state increases. For unbound durations of 400 data points and more (13.3 second and more) the sensitivity does not clearly change. The sensitivity curves for unbound duration 
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between 400 and 1000 data points are averaged, and the standard deviation is represented by the error bars.  The sensitivity increases significantly up to bound durations of 25 data points. This corresponds to the number of forward data points in the search interval, which are used for the calculation of the second moment divergence function. A longer bound state duration therefore does not improve the detection of the bound state. A longer duration of the bound state allows for a larger reference window containing the motion data, leading to a minor improvement of the performance of the detection of the unbound state. The sensitivity for bound states with a length of 25 data points (0.83 seconds) is between 99.4 ± 0.2 % and 59.3 ± 2.6 % in the best-case and worst-case scenario respectively with an unbound duration of 400 data points or more. The sensitivity increases to between 99.96 ± 0.01 % and 97.2 ± 0.7 % respectively for bound state durations of 45 data points (1.5 second). The specificity of the algorithm is excellent with false positive detection rates below 0.15 % under all circumstances. Above 25 data points the false positive detection rate drops below 0.05 %, corresponding to a specificity of 99.95 %. This value is close to the specificity expected for the 3  significance level used for the KS-test, which would lead to a specificity of 99.7 %. 
Accuracy The accuracy is defined as the average mismatch between the actual change points, and the change point as located by the algorithm. With this definition, we should note that the lower the accuracy, the better the performance, contrary to colloquial language. The accuracy of the algorithm as function of the bound state duration is shown in Figure 5.9.  
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Figure 5.9: Dependence of the accuracy of the detected change point for the best-case scenario 
(blue) and the worst-case scenario (copper red) as a function of the duration of the bound 
state. The dashed lines indicate the average accuracy found for bound states of 40 to 60 data 
points in length. The triangles correspond to the accuracy where the unbound state is 100 
data points long. The filled squares correspond to the accuracy obtained for the unbound state 
of length 200 – 1000 data points, and the error bars correspond to the standard deviation of 
the found values. The accuracy for detected events for bound states with a duration below 25 data points is high as the search location is incremented by 25 data points after a change is detected. This leads to a systematic error in the change point location. The accuracy of the algorithm improves until an optimum accuracy reached for a bound state duration close to 27 or 28 data points for either the best-case or worst-case scenario. This corresponds to the length of the search window (25 data points) padded with a few extra data points to offset the not perfect accuracy of the algorithm. After the optimum, the accuracy increases slightly and settles at a final accuracy of 2.40 ± 0.04 and 3.10 ±0.02 for the best-case and worst-case scenario. That the accuracy around 27-28 data points is lower than the final accuracy may be explained by the 25 data point increment in the search location after the detection of the previous state change; the algorithm continuous the search very close to the correct location, and is therefore more likely to detect the state change immediately at the correct location. Overall the algorithm reaches optimal accuracy for bound states with a duration of 25 data points (0.83 s) and over. 
5.5.2. Performance using experimental motion data In section 5.5.1 the implementation of the algorithm has been verified. The performance for simulated motion data indicates a good sensitivity, an excellent 
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specificity and a consistent accuracy for bound state with a duration of 25 data points or more.  Next, we assessed how the performance of the algorithm translates to experimental data where heterogeneities in the system can lead to a variety of deviant motion patterns. The result of the particle motion analysis algorithm of several typical experimentally observed motion patterns is shown in Figure 5.10. We will discuss our experience with the application of the analysis algorithm to experimental data in light of the typical motion patterns. 
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Figure 5.10: Result of the dynamic motion pattern analysis algorithm applied to the motion 
data of five particles. The same significance levels are used as thresholds for all five 
trajectories. The time intervals that are shown are chosen to display motion behavior relevant 
to the discussion. Each panel includes a plot of the motion pattern that is analyzed, the scale 
bar corresponds to a spatial distance of 250 nm. Data points corresponding to certain time 
intervals between binding events are color coded, matching with the colored dots above the 
motion data plot. The motion data is shown as the eight channels as indicated in panel (a), 
detected events are shown with vertical red lines at the detected motion change point. (a) 
Motion pattern of a particle with a well-formed tether. The arrow indicates a binding interval 
that is not detected due to the short duration. (b) Motion pattern of a particle that exhibits a 
bell-shape motion. (c) Particle motion, in which a secondary binding level is observed when 
the particle forms an additional bond. (d) Motion of a particle that is strongly confined to a 
ring motion, causing the detection algorithm to detect events when the particle moves from 
one sector of the ring to another. (e) Analysis of the motion of an average particle over a time 
interval of 5 minutes. The particle is observed to visit the same binding state several times. The algorithm is able to detect most of the events that are observable in the motion pattern. As the number of events present in the data is not a priori known, manual inspection of the data is used to conservatively estimate the success rate of the detection algorithm. The detection rate of observable events with a duration longer than 25 data points is estimated to be over 80%, with longer events having a better detection rate. This number is in agreement with the sensitivity found in Figure 5.8 in the simulated motion data for bound state durations of 25 data points and longer. Two factors contribute to the false-negative results in the detection method: short binding events and motion changes with a small contrast. Binding events that are shorter than the 25 data points used as the minimum amount of reference data are not detected. While the first change in motion is likely to be detected, the algorithm increments the search location to a position past the secondary event, effectively skipping it. In step 2 of the algorithm, the first detected change in motion will be discarded as the following interval does not clearly differ in the observed motion. An example of such a missed short event is indicated with an arrow in Figure 5.10a. When an event is characterized by a small change in motion it will take more data points to detect a significant change (comp. Figure 5.4a). If more than 25 data points are required for a significant detection, the event will not be detected by the algorithm at all. In these experimental data, the first factor is the major contribution to the missed event detections, while the second factor is observed rarely; the short length of the secondary bond leads to a clear change in the motion of the particle. The algorithm is capable of detecting events occurring at multiple binding states without any change in parameters or other modification to the thresholds. In Figure 5.10a, a particle is observed to bind at three separate locations, indicated by the three colors in the motion pattern. Particles are regularly observed to bind to the same binding spot, as observed in Figure 5.10b, c, and e. The detection of binding events without the need to change the algorithm or provide any other information than the significance levels is an essential feature of the dynamic particle motion analysis algorithm.  
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The motion pattern shown in Figure 5.10d has a clearly defined ring shape. The motion of the particle is strongly confined to a ring-shaped motion pattern due to an asperity of the particle. Due to the confinement, the particle experiences local stable confinement areas for the particle. This can be observed in the motion of the particle as the particle jumps often between these stable points. The detection algorithm detects several of these jump as events. As these jumps correspond to direct interaction between the particle and the substrate and not to an intended molecular bond formation/unbinding, these observed events should not be counted as relevant events. To have a clear identification criterion for these ring-shaped motion patterns, we define a dimensionless number that describes the radial confinement of the system:  
= ̅ . (5. 4) 

< 0.2 Low (ring shaped confinement)= 0.38 Typical (free tethered motion)> 0.6 High (bell shaped confinement) 
In the experimental data, we observe that particles with < 0.2 contribute significant amounts of detected events that do not relate to the detection of molecular binding events. These particles are often observed with 5 times more events per particle than all other particles, and should therefore be omitted from the analysis. In the used experimental system, this criterion excludes about 4% of the motion patterns. The detected times of the events can be used to determine the duration of the binding states. Information on the duration of the binding time can be related to the lifetimes of the bonds. It has been shown in literature that such information can be used to discriminate specific and non-specific binding events.120 The exact times of the motion changes are not known for the experimental data. The accuracy of the change detection is estimated through manual inspection of the detected events and found to generally be within 2 data points (67 ms) and practically always within 5 data points (167 ms) of the human estimated change point. Larger errors are observed in rare cases; for example if a motion change is followed by a short, undetected motion change, leading to polluted reference data and a non-uniform change of the second moment divergence function.  Overall the performance observed in experiments agrees with the performance found for the simulated motion data, although a direct quantitative comparison is not possible.  
5.5.3. Improving performance  The performance of the algorithm on the experimental data is good, with a detection rate over 80%. The detection rate is mainly limited by the short lifetimes of the bonds 
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formed by the tethered particle. The lifetimes of the specific binding events are in the order of a few seconds; therefore, the initial reference interval must be kept short to ensure that most events are detected. However, short reference and search intervals cause the algorithm to be less sensitive to minor changes in the motion and larger errors in the determination of the reference distribution parameters, increasing the amount of false-positive detections. The false-positive detected events originate from the detection of small intervals in the particle-motion where the random motion of the particle matches the criteria of a motion change, e.g. when the particle randomly loiters at a single location. There are two ways to improve the detection performance of the algorithm in conjunction with the experimental data.  The first is to increase the lifetime of the additional bond the particle can form with the substrate, relaxing the time-resolution requirements of the system and the algorithm. The second method is to increase the diffusive speed of the particle, so as to increase the speed at which the particle explores the available motion pattern. The algorithm can then use a smaller reference and search interval, and lower correction factor  as the motion correlation effect becomes smaller. This improves the temporal resolution and allows for the detection of shorter bonds. 
5.6 Conclusion and outlook We have developed a new algorithm for the detection of dynamic changes in the motion of tethered particles and validated it against simulated data and compared the performance on experimentally obtained results. The algorithm is built around the principle that the distribution of the particle motion will change upon sudden changes in the interactions between the particle and system. We propose the use of a second moment divergence function for the detection of the changes in the motion distribution. This method is sensitive to changes in the first and second moment, and has an 3  significant response within an average of 20 data points for changes |Δ / | > 0.4, or |Δ / | > 0.1. Furthermore, the divergence point at which the change in the motion occurs can be back-extrapolated using the second moment divergence function. We foresee that the second order divergence function for the detection of significant changes in the distribution of the data can be applied as a general data analysis method.  The second moment divergence function is employed in the first step of the algorithm for the detection of changes in the raw motion data. In the second step the detected motion states are compared using the Kolmogorov-Smirnov test and combined if statistically insignificant differences are observed. What makes the algorithm unique is that the algorithm works on the data without requiring predetermined thresholds, locations, number of binding states, or data filtering. The only required input is the significance level for the detection, a correction factor to account for the correlation in 
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the motion data due to the Brownian character of the particles motion, and the length of the data intervals over which the algorithm performs its analysis.  The analysis algorithm has been verified using simulated motion data of a tethered particle that forms a secondary bond. The specificity for the detection of bound states with a duration of 25 or 45 data points (0.83 s and 1.5 s) is found to be over 59% and 97% respectively. The accuracy of the determined change location for bound states with a duration of 25 data points or more is approximately 3 data points.  The analysis algorithm has also been used on experimental data of a tethered particle that can form additional temporary bonds with a substrate to assess the performance of the algorithm on real-world data of tethered particles. Manual inspection of the algorithm leads us to estimate that the algorithm detects over 80% of motion changes in the data that last longer than 25 data points. The detected change times are generally within 2 data points of the position where a human would place the motion change. Both values are in accordance to the numbers found during the validation. The algorithm is therefore an objective and flexible method for the analysis of tethered particle motion data. This demonstrates that the algorithm, with some tweaking of the significance levels and interval lengths, may be applied for the automated analysis of particle motion data with heterogeneous binding states, such as biosensing applications.
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Appendix  
A. Expected state change detection moment We calculate the expected time to exceed a certain significance level. The mean value, and the standard deviation of the data  change as follows: = + Δ  and =+ Δ . Then, the new second moment divergence function (calculated with  and ) 

( ) = ( − ) − (5. 5) 
starts to deviate from zero with a slope : ⟨ ( )⟩ = ⋅ (5. 6) Rewriting yields: 

( ) = ( − + Δ ) − ( − Δ ) . (5. 7) 
C( ) = ( + + Δ − 2 + 2 Δ − 2 Δ − − Δ + 2 Δ )

(5. 8)  
In which we can recognize four terms that on average cancel each other out by recognizing that: 

( − ) − = + − 2 − = 0, (5. 9) 

and two more that cancel out: ⟨2 Δ − 2 Δ ⟩ = 0. (5. 10) This leaves us with: 
⟨C( )⟩ = Δ − Δ + 2 Δ = ⋅ (Δ + Δ + 2 Δ ). (5. 11) 
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From which it can be seen that = Δ + Δ + 2 Δ . With this the expected number of data points required to make a 3  significant detection is: Δμ + Δ + 2 Δ ≥ 3 2⁄ . (5. 12) 
B. Diffusive behavior of the tethered particle The diffusion constant of the confined motion of a tethered particle is given by: ⟨ ⟩ = ⋅ 1 − ⁄ , (5. 13) where  is the radial position,  is the effective radius of the confinement,  is time and  is the time constant related to the interaction rate of the particle with the boundaries of the confined motion. The diffusion constant of the particle can be determined using = /4 .  From experimentally observed motion patterns a selection is made of 347 particles, which have a state ∈ (50,120 nm)  S ∈ (0.75,1)), with the additional requirement that ∈ (0.35, 0.45). The selected particles correspond to particles that have a motion that corresponds to single tethered particles. The  parameter selects for particles that do not have disc-, or ring-shaped motion patterns. The selection criteria have quite large intervals due to particle surface roughness related variability in the observed motion patterns. From the 347 selected particles, the diffusive behavior is analyzed in terms of the mean-squared displacement ⟨ ⟩. For short-time scales, the diffusive behavior corresponds to free diffusive motion, while at longer time scales the confinement starts to play a role. The function ⟨ ⟩ is fitted for displacement times up to 180 ms with the function ⟨ ⟩ = ⋅ (1 − exp(− ⁄ )) and the diffusion constant is determined. The fits are shown in Figure S5.2, the observed values for =70 ± 25 ms and = 156 ± 37 nm. The diffusive behavior of the particles will be discussed later in more detail. The exposure time of 5 ms leads to a slight motion blur effect as the particle diffuses during the exposure of the camera. This effect is most pronounced near the edge of the motion pattern where the particle resides for short times only, leading to an observed smaller radius of the motion.30 This effect is expected to contribute a practically negligible 2.3% difference between the observed and real diffusion constant.  A histogram of the observed diffusion constants is shown in Figure S5.1. The average found confined diffusion constant is: = 8.9 ± 1.7 ⋅ 10  m  s .  is a factor 4.8 times lower than the bulk diffusion constant = 4.3 ⋅ 10  m  s  which is expected for a 1 μm particle in water at room temperature. Part of this slowdown can 
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be explained by the hydrodynamic interactions with the substrate, illustrating the importance of the hindered diffusion. The correction factor for the slowdown of the in-plane particle diffusion due to proximity of the surface according to equation 5.13 is between 3.1 and 2 for a particle at a height of 0 to 50 nm (stretched tether length plus surface binder proteins). The hydrodynamic interaction of the particle with the substrate alone does not explain the observed slower diffusion of the particle.  

 
Figure S5.1: Histogram of observed diffusion constants determined from 347 particles with a 
motion patterns that satisfy > 0.75 and 50 < < 120 nm with 0.35 < <0.45. The particles have a radius of 500 nm and are tethered with a 40 nm dsDNA tether. The 
diffusion constant is determined from a fit of the mean-squared-displacement ⟨ ⟩ of the 
particles with the confined diffusion equation for delay times up to 200 ms (corresponding to 
6 data points.) The average observed confined diffusion constant has a value of = 8.9 ±1.7 ⋅ 10  m  . Further analysis of the mean-squared-displacement reveals the complex diffusive behavior of the system. The diffusive behavior of tethered particles is shown in Figure S5.2. For short time-scales: typically below 200 ms, the diffusive motion of single tethered particles is described well with equation 5.13. At longer time scales the diffusive motion varies strongly between particles.  
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Figure S5.2: Diffusive behavior of 1  particles that are bound to the substrate with a single 
50 nm dsDNA tether. The observed mean-squared-displacement 〈 2〉 is calculated from 5 
minutes of motion data of 27 tethered particles and scaled with regard to  and . The scaling 
parameters  and  are obtained by fitting the observed mean-squared-displacement 〈 2〉 
for a displacement time  up to 200 ms (corresponding to six data points) with the equation: ⋅ (1 − (− ⁄ )). The red line corresponds to the fit equation. The observed values for = 70 ± 25  with = 156 ± 37 . Figure S5.2 indicates that the diffusive motion up to < 2 ⋅  follows the diffusive behavior of a confined particle. At longer time scales of  > 2 ⋅  the diffusive behavior differs strongly. Some particles follow the extrapolated fit of the short diffusion times closely, while other particles are observed with a strong increase in 〈 〉. Two conclusions can be drawn from the measured diffusive motion. First: at short timescales, the diffusive motion of the particles is dominated by confined motion while at longer timescales a secondary process is dominant. Secondly: the nature of the secondary process differs between particles. The strength of the effect results in a difference between the parameter  obtained in the fit and the long-term observed 〈 〉 value.  The average observed difference 〈 〉 − = 23 nm with a standard deviation of 18 nm. The average difference is close to the contribution of the DNA tether to the maximum possible radial extension, which is 21 nm. As the particle is diffusing close to the substrate there is a strong interaction between the particle and the substrate. 
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Our hypothesis is that the particle is confined by protrusions on the surface of the particle which contribute to the roughness of the particle surface (for more details: see Chapter 3). In that case the particle needs to rotate to allow the particle access to the previously unreachable particle motion, which results in the observed slow diffusive behavior at larger time scales. This effect can be investigated numerically by performing simulations which account explicitly for the particle, (including the particle surface geometry), the tether and hydrodynamic behavior of a non-ideal particle near a surface. The simulations performed by Merkus et al.22 include many of these interactions and may provide a start point for further investigations. Furthermore, an analytical model of the coupled tether-particle system such as described by Sitters et 
al. may be used.118 
C. Brownian dynamics simulation Brownian dynamics simulations were performed to generate motion trajectories for a particle bound via the primary tether, and a particle bound via the primary tether and the secondary bond. In both cases, the tethered particle motion trajectory was obtained by simulating the diffusion of a particle under influence of a potential.121 The potential describes the contribution of the primary and secondary tether on the particle’s motion.  The potential was derived from the probability distribution of a tethered particle’s position, by means of the inverse Boltzmann’s distribution:  ( ) = − ⋅ (ln( ( )) − ln( )) (5. 14) This formula describes the relation between the probability  of observing the particle at the position  and its associated potential ; the constant  is a normalisation constant which value was set so that the minimum energy in the potential was zero. Two probability distributions of a tethered particle were determined: one for a particle tethered via the primary tether and one for a particle tethered via only the secondary bond. This was done using Monte Carlo simulations of the position distribution of the tethered particle (refer to Section 2.5 for a description of the Monte Carlo simulations). The potential was included in the Brownian dynamics simulation by applying an external force acting on the particle. This external force was determined from the local gradient of the potential = −∇ ( ). For the simulation of a double tethered particle, the external force on the double tethered particle was defined as the sum of the forces the primary and secondary tether would have caused individually. This method does not account for the geometric boundary condition that the distance between the primary and secondary tether attachment points on the particle is conserved, but yields a first order approximation of the motion of a double tethered particle. 
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The motion data was simulated by iteratively calculating the particle position, according to equation 5.15, for the required time duration. 
= + ( ) → + → (0,2 ). (5. 15) 

In this equation,  represents the position vector in Cartesian coordinates,  the iteration number,  the force the tethers exert on the particle, ζ the drag coefficient,  the diffusion coefficient with = ⁄ , Δ  the time step and  a vector that accounts for the random displacement due to diffusion. The amplitude of each of the three directions of  is a sample from a Gaussian distribution with zero mean and a variance of 2 Δ → . The drag coefficient was set to 4.7⋅10-8 N⋅s⋅m-1, to be on par with the diffusion constant measured in Appendix B. It was assumed that  is constant in each iteration, which is accurate for small time steps and/or for small gradients of . To optimize the computation time, the time step was dynamically chosen in each iteration. The time step is inversely proportional to the gradient in the external forces ∇ . This method keeps the simulation accuracy constant. Equation 5.16 shows the used equation to determine the time step for each iteration of equation 5.16. 
→ = ⋅ 2| ( )| (5. 16) 

In this formula,  represents the estimated maximum error in the displacement of the particle, as fraction of the distance the particle should have displaced, per time step. The value of  in the implementation and validation of the simulation was 0.01. The implementation of the simulation was validated by verifying the reproduced potential from the Brownian Dynamics with the input potential . Furthermore, the development of the mean squared displacement over time was validated with a harmonic test potential, of which the analytical solution is known. Both verifications were successful and showed an excellent agreement with the expected results. 
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Chapter 6. Particle Motion Biosensor 
with Single Molecule Resolution for 
Continuous Monitoring Applications 

6.1 Introduction The ultimate resolution limit for molecular biosensing is the detection of individual molecules.122,123 Discrete detection of single molecules provides information that is lost in the ensemble averages used in many molecular sensing techniques. The binding and unbinding of single molecules are stochastic processes; therefore, the systems can be best described as stochastic sensors.124 Significant development has occurred in recent years in the research field of single molecule detection. Several techniques have been developed that enable detection of single molecules, e.g. FRET,125 nanopores,126 antibody microarrays,127 plasmonic sensors,128 SERS,129 super-resolution microscopy,130 and TPM.6 An overview of single molecule research techniques is given in the textbook by Hinterdorfer and van Ooijen.131 Bioanalytical tools with single molecule resolution are commercially available see e.g. Singulex,132 and Quanterix.133 In addition to enabling ultimate detection sensitivity, single molecule techniques can provide essential information on single molecule lifetimes. This has led to the possibility to discriminate between specific and non-specific bonds based on the lifetime of the bond.120  Here we focus on the possibility to perform continuous monitoring with single molecule resolution. We present a technique that allows for the detection of single molecules while the sample can be continuously exchanged, so that the concentration can be followed as a function of time.  The technique is based on the analysis of the motion of particles that are bound to a substrate with a tether, as published earlier.22,60 As depicted in Figure 6.1a, micrometer sized particles are kept in close proximity to the sensor surface by a short (40 nm) primary dsDNA tether. The particles and the substrate have each been functionalized with ssDNA oligos, both complementary to a different part of the DNA target. In presence of the target one or both oligo can bind to the target molecule simultaneously; the particle then becomes bound to the surface with a secondary bond. This results in a clear change in the motion of the particle compared to the motion of a particle that is tethered with only the primary tether. The frequency or activity of binding and unbinding events of the secondary bond is a direct measure for the concentration of the target in solution. Furthermore, the target 



Chapter 6 - Particle Motion Biosensor with Single Molecule Resolution for Continuous Monitoring 
Applications 

138 

solution can be exchanged without the need to regenerate the system, as the tethered particle forms a permanent self-contained system. The secondary bond that forms via the target molecule is designed to be reversible; the interaction between the DNA target and both oligos is deliberately designed to be weak such that the formed bond will unbind. This allows the system to respond to both increasing and decreasing target concentrations and is therefore suitable for the continuous monitoring of the concentration of target molecules.  
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Figure 6.1: Particle motion biosensor for the detection of DNA. (a) Particles (orange) are 
tethered to the substrate via a 40 nm dsDNA strand (black). Particles are functionalized with 
ssDNA oligo B (blue). The substrate is functionalized with ssDNA oligo A (red). Target 
molecules are 22 nucleotide long ssDNA molecules which are present in the solution (red-blue 
lines). The red and blue segments indicate the complementarity to oligos A and B (b) Target 
binding causes the particle to become intermittently bound to the substrate resulting in 
switching between different motion patterns. (c) Sequences of oligo A, oligo B and the target 
molecule. (d) The mobility of the particles is analyzed and the binding events are detected for 
hundreds of particles in parallel.  Recently, there has been an increasing interest in microRNA, which is short, non-coding RNA with a length of ~22 nucleotides134 that plays a role in the regulation of gene expression.135 Research has shown that miRNA expression levels are associated with cancer. One example is miRNA-126, which is expressed in endothelial cells and is 
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upregulated in the case of bladder-cancer,136,137 and can have predictive value for colon cancer treatment efficiency.138 The detection of miRNA molecules is therefore of interest for diagnostics. For this reason, we have chosen the DNA equivalent sequence of miRNA-126 as a model target to demonstrate the monitoring methodology based on tethered particles. The DNA equivalent sequence was used because of the higher stability of DNA compared to RNA.139 

6.2 Methods 

6.2.1. Particle and surface functionalization The biochemical system is schematically shown in Figure 6.1a. In brief, micrometer sized particles were tethered to the substrate using a dsDNA tether, which confined the particle to a small volume, and kept the particle in close proximity to the substrate. Both the particle and substrate were functionalized with short ssDNA oligonucleotides. Two different sequences have been used: oligo A is complementary to one part of the target sequence, while oligo B is complementary to a second part of the target sequence. In presence of the target molecule, the particle can form an additional bond to the substrate that changes the observed motion pattern of the particle.60 Details of the functionalization steps are reported below, the sequences of the used oligos are shown in Figure 6.1b. Streptavidin-coated superparamagnetic particles (MyOne Streptavidin C1, Life Technologies) were functionalized with two DNA ligands; the 11 nucleotide long ssDNA oligo B, which is complementary to part of the target sequence, and a 120 basepair dsDNA tether (contour length 40 nm). The 120 basepair dsDNA tethers have been obtained from Ella Biotech (Martinsreid, Germany), the DNA oligos were obtained from Integrated DNA Technologies (Leuven, Belgium). The DNA tether contains a biotin moiety on one end, and a Texas Red (TR) dye molecule on the other. Oligo B similarly contains a biotin molecule at one end. The biotin moieties on both the dsDNA tether and the ssDNA oligo bind with the streptavidin proteins on the particle. The Texas Red moiety was used to bind the particle to the substrate with the 120 bp dsDNA tether via the Texas Red antibody. First, 10 µL of the particles at stock concentration (10 mg/ml) was mixed with 10 µL of the 120 bp dsDNA tether at a concentration of 2 nM in PBS buffer solution, and incubated for 10 minutes on rotating fins (VWR, The Netherlands). Next, the 20 µL particle/DNA solution was mixed with 10 µL of the ssDNA oligo (oligo B) at a concentration of 5 µM in PBS, and was incubated for 60 minutes on the rotating fins. After the incubation was completed, the particles were washed in three subsequent washing steps with 200 µL PBS each, and finally resuspended in 700 µL PBS buffer with 1 w/v% BSA. The BSA was added to inhibit non-specific binding between the particles and the substrate in the next incubation step. 
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Surface functionalization was performed with the measurement chamber integrated into the flow setup. Details on the flow system are shown in appendix A. The flow system was first filled and prewetted with PBS solution to ensure a homogeneous flow. In the first incubation step, the anti-Texas Red and the anti-DIG antibodies were physisorbed to the substrate. A volume of 200 µL containing 40 ng/ml anti-Texas Red and 5 µg/ml anti-DIG was flushed into system and through the measurement chamber at a rate of 100 µL/min and then left to incubate for 60 minutes. Next, the system was incubated for 5 minutes with a solution of 1 wt% BSA in PBS to block the substrate and prevent further non-specific interactions. A volume of 200 µL PBS solution with 1 µM of oligo A was flown into the system and incubated for 30 minutes. Oligo A was an 11 nucleotide ssDNA strand with a digoxigenin (DIG) ligand on one end, which was used to hybridize the oligo to the substrate in the next incubation step. Finally, the mixture of particles functionalized with the tethers and oligo B was incubated for 60 minutes with the glass substrate at the bottom. During every incubation, the aspiration tubing was flushed with 1 mL of PBS at a rate of 1 mL/min via the washing tubing to clean and prepare the system for the next incubation step. After each incubation, the measurement chamber was flushed through with 1 mL PBS at a rate of 300 µL/min. In appendix B a discussion is given of the number of molecules present in the measurement chamber. 
6.2.2. Analysis of the particle motion The particle motion was studied on a Nikon Ti-E inverted microscope (Nikon Instruments Europe BV, The Netherlands), at a total magnification of 20x using an iXon Ultra 897 (Andor, Belfast, UK). The particle motion in a field of view of 405 x 405 µm2 was recorded for 5 minutes at a frame rate of 30 Hz under dark field illumination conditions. Tracking of the particle motion was performed by determining the center-of-intensity of the bright particle on the dark background, a standard method in tethered particle motion, described in Chapter 2 of this thesis.13 Trajectory analysis was performed on the trajectories of many individual particles to detect and quantify the number of occurrences and duration of the binding and unbinding events during the measurement. To achieve this, the algorithm scans through the motion data, detecting significant changes in the distribution of the particles position in the motion data. These changes correspond to the formation or breaking of a secondary interaction. Further details on the algorithm are described in detail in Chapter 5. The detection algorithm is capable of detecting binding events of a single particle at multiple locations; secondary bonds can form on any location where the particle comes within the distance required to make a secondary bond to the substrate and both the particle and substrate have the oligos required for bond formation. During the functionalization reactions, the antibodies and oligos are randomly distributed on the substrate and the particle surface. Potential binding spots are thus heterogeneously 
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distributed on the surface. All measurement data is analyzed with the same algorithm, ensuring that all detected events satisfy the same criteria for detection. The sensitivity for the detection of particle mobility changes with a duration longer than 0.8 seconds is over 80 %. An in-depth discussion on the sensitivity, selectivity and the accuracy of the particle motion analysis algorithm is given in Chapter 5. The shape of the motion pattern of a tethered particle is interpreted in terms of the motion amplitude and the symmetry of the motion. From the motion pattern of each particle the amplitude of the major ( ) and minor ( ) axis of motion was determined by calculating the covariance matrix of the position data.15 From the motion amplitudes the symmetry parameter = ⁄  is calculated. The radial confinement parameter is defined as = ̅⁄  and used to exclude particles with a confined ring-shaped motion pattern as discussed in Chapter 4 and 5 of this thesis.  
6.2.3. Measurement protocol Measurements were performed to determine the mobility switching activity of the tethered particles in presence of varying concentrations of target molecules in buffer solution. The DNA equivalent sequence of miRNA-126 was used as target molecule because of the higher stability of DNA compared to RNA.139 A series of concentrations of target molecules dissolved in PBS buffer was prepared prior to the experiment through serial dilution by a factor of two from the highest concentration of 200 nM to the lowest concentration of 0.39 nM. A measurement series consisted of two parts: a concentration series in which the target concentration was increased in small steps to record a dose-response curve, and a part in which the target concentration was changed with a large step in order to study the dynamic response of the system. For each concentration in the concentration series, 400 µL of the required target concentration was aspired into the measurement chamber at a rate of 300 µL/min, after which the particle motion was recorded for 5 minutes in the absence of flow. The starting time of each measurement was recorded. 
6.3 Results and discussion 

6.3.1. Control experiments Control experiments were performed, in which either the DIG antibodies, oligo A, or oligo B were omitted from the functionalization. In all control experiments the results confirmed that the observed motion patterns corresponded to particles tethered with the primary tether. This indicates that the presence of the anti-DIG antibody and the oligos do not interfere with the binding of the particles to the substrate, and that 
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unintended interactions between the used antibodies and DNA do not lead to a detectable change in the observed motion patterns. For details on the control experiments refer to the report by Scheepers et al.140 

6.3.2. Binding event detection This section describes the lifetime characteristics of the bonds between particle and surface in a TPM experiment with target molecules. The result of the analysis of one particle is shown in Figure 6.2a. For illustration purposes a tethered particle with a disc-like motion pattern is shown, but the algorithm can also detect the events in bound particles that exhibit other motion patterns. A detailed description and discussion of the analysis algorithm is given in Chapter 5. In Figure 6.2 each vertical red line indicates the detection of a significant change in the motion of the particle. Most events come in pairs: one mobility change occurs when the particle becomes bound and the particle motion becomes more confined, and one when the secondary bond is released. Most bound states are observed to have a lifetime in the order of several seconds.  
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Figure 6.2: Analysis of the experimentally observed data traces. (a) The motion of a single 
particle in presence of 25 nM target as a function of time, expressed in ,  coordinates and 
the step sizes  and . The detected times at which the motion is observed to change are 
indicated with vertical red lines. The timespan between two motion changes corresponds to 
the lifetime of a single bound state of the particle. The inset on the left shows the motion 
pattern of the particle that was analyzed. The positions of three binding events are indicated 
with colored data points. The corresponding bound states are indicated in the graph with a 
dot in the corresponding color. (b) Survival plot of the lifetimes of bound and unbound states 
determined from the analysis of the motion data of 374 tracked particles in a 5 minute 
measurement at a target concentration of 200 nM. Bound states with a minimum lifetime of 
1 s and unbound states with a minimum of 40 s are shown. The survival curves were fitted with 
single exponential decay function of the form: ⋅ − ⋅ , or ⋅ (− ⋅ ) for the 
bound and unbound state lifetimes respectively. The red dashed lines indicate the fit of the 
survival curve, while the blue dotted lines indicate the confidence bands of the fits. Bound 
states were discriminated from unbound states by selecting for states in which the motion of 
the particle covers an area less than 1/5 of the full unbound motion range available to the 
particle. The characteristic bound state lifetime is 1⁄ = 3.2 ± 1.7 s, the characteristic 
unbound state lifetime is 1⁄ = 42 ± 21 s. (c) Dependence of typical lifetimes of the bound 
(red) and unbound (blue) states on the target concentration. The dashed lines indicate the 
approximate trend of the characteristic lifetimes. The blue dashed line scales as ~[ ] ⁄ , the 
red colored dashed line does not depend on the concentration. The survival plot of the state lifetimes for the 200 nM target molecule measurement is shown in Figure 6.2b. Bound and unbound states were distinguished based on the area of motion in the state. The lifetime of a state corresponds to the timespan between two consecutive detected changes in the motion of the particle (events). Timespans between the beginning of the experiment and the first event were included in the data as well. For the analysis of the unbound state lifetimes only the first unbound state in each particle trace was selected; particles in which no events were detected have an unbound state lifetime > 300 s. The characteristic bound state lifetime is 1⁄ =3.2 ± 1.7 s, the characteristic unbound state lifetime is 1⁄ = 42 ± 21 s at a target concentration of 200 nM. For further analysis, the resulting survival plots of all state lifetimes (bound and unbound lifetimes) were fit with two exponentials, modeling the association and dissociation of the secondary bond between the particles. The survival functions of the bound and unbound state lifetimes were fitted with an exponential decay of the form: ⋅ exp − ⋅  and ⋅ exp(− ⋅ ) respectively. The lifetimes of the bound and unbound state were determined from the fitted curves using = 1/  and = 1/  . All lifetime survival functions are reasonably described by the single exponential fits; in the tail of the fit small systematic deviations of the data in the order of 10  are observed. Fitting with a double exponential leads naturally to a better fit. However, no consistent lifetime was observed for the second exponential with a high dependence between the fitting parameters, indicating that multiple processes with different unique time constants do not account for the observed deviations. We hypothesize that the observed deviations originate from the heterogeneity of the 
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biochemical system; some particles have more, or more accessible secondary binding sites than others, leading to a distribution of association rates not well described by a single exponential, but rather a distribution of exponentials.141 Due to the stochastic process of bond formation, a distribution in the number of events observed per particle can be expected. Indeed, a wider distribution than is statistically expected in the number of events per particle is observed, indicating that the association rate differs between particles (see appendix I).  From Figure 6.2c it is clear that the lifetimes of the unbound states depend on the concentration of target molecules. This is consistent with the mechanistic view that at higher concentrations of target molecules more binding sites for secondary bonds are available and therefore the association rate increases. The slope of the unbound state lifetime indicates an approximate scaling as ~[T] ⁄  whereas a scaling ~[T]  would be expected, as can be deduced from equation 4.25 for target molecule concentrations below the  of the target molecule binding interaction. We will discuss possible explanations for the observed scaling in sections 6.3.4 and 6.3.6. For low target molecule concentrations, the unbound state lifetime saturates at the level of non-specific binding, which provides an upper limit to the unbound lifetime that can be detected (see the data point for [T] = 0 nM in Figure 6.2c).  The bound state lifetime is constant at a value of 4.6 ± 0.7 s. Non-specific binding lifetimes in the initial zero target concentration measurement are observed with a slightly lower lifetime of 3.9 ± 0.1  (error reported by the fit). For the future, it would be advantageous to design the system to have more distinct non-specific and specific lifetimes, in order to allow discrimination between the specific and non-specific population using the lifetimes.120  The analysis shows that the detected events can be modeled using reaction rate equations between particle and substrate via the target molecule. The association rate depends on the concentration of the target molecules; at higher target concentrations, more events are detected per particle and the average unbound state lifetime is reduced. In the rest of this chapter we will interpret the system response in terms of the activity: the number of observed events per particle per five minutes. This interpretation of the system is analogous to the interpretation of radioactive activity and has the advantage over the analysis of the state lifetimes that it can be directly determined for all particles.  
6.3.3. Dynamic response to changes in target 

concentration Here we present the activity data of experimental measurement series in which the concentration of target molecules is changed over time. The reversibility of the particle motion biosensor system is experimentally investigated. Reversibility is an essential 
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property of a continuous monitoring biosensor, because both concentration increases and decreases should be detectable. After exposure to a stepwise increase of concentration, a flush with buffer solution was performed, bringing the target molecule concentration to zero. Thereafter the response of the system was measured at semi-regular time intervals over a period of 120 minutes. The number of detected events is shown in Figure 6.3 as a function of time.  Typically, over 400 particles were simultaneously recorded and analyzed on a given sample. The blank measurement was used to determine the number of events occurring due to non-specific interactions, and to verify via the motion of the particles that most particles were bound with the primary tether to the substrate.60 A few criteria were used to exclude particle clusters and particles that had strongly confined motion; particles with > 150, or with a symmetry factor < 0.33 were excluded from data analysis, as were particles with a radial confinement < 0.02. Analysis of the motion patterns (see appendix C) shows that 90% of the particles were bound to the substrate via a single tether at the start of the measurement.  
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Figure 6.3: Response of the system over time. (a) The target concentration in the system as a 
function of time. In the first section (15 to 130 minutes) the target molecule concentration was 
increased stepwise. In the second section of the graph (130 to 300 minutes) the concentration 
was brought back to zero and later exposed to a 100 nM target molecule concentration pulse. 
Times over which measurements were taken are indicated with black bars on the  axis. (b) 
The average activity of the particles as a function of time, expressed as the number of detected 
motion changes per particle per 5 minutes. The fits account for a constant background activity 

 as determined by the fit with the Hill equation. The error bars represent the one sigma 
statistical noise expected for each data point. The point with an open symbol represents an 
outlier which is omitted from further analysis. In the first section the data points are fitted 
with the Hill equation transformed into the time domain, shown as the dashed line. In the 
second section the data points of the first and second flush are fitted with an exponential 
decay: + ⋅ − /  with the same time-constant .  An exponential decay of the signal is observed when the concentration of target molecules is set to zero, as is evident in Figure 6.3. This corresponds to the unbinding of target molecules from the particle. The observed time constant of the unbinding 
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process is = 54 ± 22 minutes. Repeat measurements are shown in appendix D, which consistently show an exponential decay of the activity in the response to the removal of target molecules. After the first washing step a concentration of 100 nM target molecules was introduced in the system. The observed activity increases to 3.8 per particle per 5 minutes, which is an activity increase to 60% that of the signal observed in the dose-response curve. The characteristic time with which the activity changes scales in first approximation as = 1 + [T]⁄ . Thus, the time to equilibrium is expected to be shorter for an increase in target molecule concentration compared to a decrease in concentration. Using a value for ∗ = 3.0 ⋅ 10  M s  (determined in section 6.3.5) the estimated characteristic time to equilibrium at a target concentration [T] = 100 nM is approximately ∗ = 5 minutes.  The results show that the tethered particle system has a dynamic response to the concentration of target molecules, demonstrating that a tethered particle based biosensor has the potential to be used for monitoring changing concentrations of target molecules. The dynamic response of the system can be modeled such that continuous measurement data can be extrapolated to provide an estimation of the current target molecule concentration in the fluid. This model goes beyond the scope of this paper. However, in Section 6.3.5 we will discuss the rate constants that can be determined from this measurement.  
6.3.4. System activity as function of target concentration  Here we present the activity data of the experiments in terms of the concentration of target molecules which was increased in a step-wise manner from zero (blank measurement) to 200 nM, see the data in Figure 6.3. This data is used to determine the dose-response of the system to the concentration of target molecules. 
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Figure 6.4: Observed system response for the concentration series shown in Figure 6.3 and the 
model describing the fractional occupancy. (a) Dose-response curve expressed as the activity, 
or number of detected motion changes per particle per 5 minutes as a function of the target 
concentration. The error bars indicate the statistical standard error as calculated from the 
total number of observed events. One data point is classified as an outlier and shown with an 
open symbol. The data is fitted with the Hill equation (blue, dashed line) including an offset to 
determine the non-specific background activity. (b) Sketches of the three concentration 
regimes observed in the double interaction model. Particles (yellow) are tethered to the 
substrate using a 40 nm dsDNA strand (black). The particles are functionalized with oligo B 
(blue), while the substrate is functionalized with oligo A (red). The target in solution (red and 
blue) can bind to both oligos. Hybridized oligos and targets are shown as parallel lines of the 
same color. The target concentration was increased in a stepwise fashion interspersed with 5 minute measurements. To increase the target concentration, the fluid in the flow 
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chamber was exchanged using a fluid flow speed of 300 µL/min. No flow was applied during the 5 minute measurements to avoid that shear forces would alter the motion of the particles.  Figure 6.4a shows the effect of the introduction of the DNA target molecule on the average activity of the system in terms of the number of binding events per particle per 5 minutes on a lin-log scale. The measurement series reveals an S-shaped response curve, which has been fitted with the Hill equation: 
= + [T]+ [T] . 

The data shown in Figure 6.4a has been corrected for the background activity using the fit of the S-curve. A background activity  of approximately 1.5 detected events per particle per 5 minutes was observed due to binding events that are most likely caused by non-specific interactions.19,60 A monotonic increase in the activity of the particles is observed with increasing concentrations of the target molecule. The fit shows that the activity increase has an amplitude  of approximately 7 events per particle per five minutes with a midpoint value for = 20.6 ± 1.4 nM. The slope of the fit gives =1.7 ± 0.2, indicating that bond cooperativity may play a role. Furthermore, the system may not be in equilibrium during the measurements, which could also affect the dose-response curve. In appendix D, we show several replications of the response curve measurements with different incubation concentrations of oligo A and B. In appendix E we show that at higher incubation concentrations of oligos, strong interactions between particle and substrate are observed, leading to a saturated system with multivalent interactions between particle and substrate. Furthermore, in appendix F the response of the system to the presence of the RNA equivalent target molecule is shown, indicating that the system is capable of detecting RNA molecules. All measurement series show the typical S-shaped dose-response curve. In addition, the response of the system is shown with an oligo B length of 9 nucleotides. As expected, a shift of the dose-response to higher concentrations is observed. 
6.3.5. Kinetic parameters of the system In the previous two sections, we have discussed the experimental results of the tethered particle system. Analysis of the lifetimes of the bound and unbound states shows that the bound states have a lifetime of = 4.6 ± 0.7 s. We have demonstrated the dynamic response of the tethered particle system to changes in the target molecule concentration. The system recovery time, i.e. the characteristic time at which the measured activity is observed to decrease upon removal of analyte from solution is = 54 ± 22 minutes. The dose-response of the system has been 
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measured and the midpoint value of the response has been determined at = 20.6 ±1.4 nM. We will now shift our focus to the interpretation of the observed kinetic parameters in terms of the molecular system.  The interaction of the target molecule in the system occurs via oligo A on the substrate, and oligo B on the particle with 8 and 11 complementary nucleotides respectively. The interactions are expected to have a characteristic lifetime that differ by at least an order of magnitude.113 The lifetime of the bound state = 4.6 ± 0.7 s is attributed to the interaction between oligo A and the target molecule with the weakest interaction. We assume that the observed lifetime comes from a unique interaction; multivalent interactions would be observed with a different, longer characteristic lifetime. The characteristic system recovery time = 54 ± 22 minutes is attributed to the interaction between oligo B and the target molecule. The off-rate of both interactions is determined using = 1⁄  and shown in Table 6.1. For the rest of this section, we focus on interpreting kinetic parameters of the system. The kinetic parameters that are not directly measured in the experiments are estimated from the measured parameters using values and empirical relations found in literature. The resulting kinetic parameters are shown in Table 6.1. Parameters that are based on, or calculated using literature values are indicated using an asterisk to differentiate them from the experimentally determined parameters.  
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Table 6.1: Overview of the kinetic parameters determined for both systems. The notations 
(exp), (calc), and (est) indicate whether the value was determined from the experimental data, 
calculated from known parameters, or estimated from literature. BT: Interaction between oligo B and target molecule T (11 nt complementary)     (exp) 20.6 ± 1.4 nM  (exp) (3.1 ± 1.3) ⋅ 10  s  ∗  (calc) (1.5 ± 0.6) ⋅ 10  M s  

 (exp) = 1.7 ± 0.2    AT: Interaction between oligo A and target molecule T (8 nt complementary)    ∗ (calc) 13.6 ± 10.0 μM  (exp) 0.22 ± 0.03 s  ∗  (est)114 (1.5 ± 1.0) ⋅ 10  M s  
  Maximum system response 

∗ ⋅ ,  (calc) 530 ± 390 nM 
  The on-rate constant  of the association between the target molecule T and oligo B is calculated from the measured  and  and found to be approximately ∗ =⁄ = (1.5 ± 0.6) ⋅ 10  s  (see Table 6.1). This value is well below the diffusion limit (~10  M s ) and nearly an order of magnitude lower than typical protein-protein association rates (10 − 10  M s ).142 Two contributions are known to have a significant effect on the association rates of molecules: alignment requirements for the association reaction pathway,143,144 and the effect of electrostatic interactions between the molecules.145 The kinetics of DNA association (or renaturation) is empirically described by Wetmur et al.115 with the relation: ∗ = 3.5 ∙ 10 ∙. ⁄  M s , in which L signifies the total number of complementary nucleotides, and N stands for the number of complementary nucleotides in unique sequences. This empirical relationship is determined at = 25℃, and at [Na+] = 1 M in aqueous solution. For the oligo B – target molecule interaction, this leads to an estimated ∗ =1.1 ∙ 10  M s  at an ionic strength of 1 M. The ionic strength of the PBS buffer used in our experiments is 170 mM, leading to a decreased association rate,114,115 which can account for the lower observed association rate. Electrostatic interactions are known to enhance and decrease the association rates over several orders of magnitude, 
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depending on the signs of the charges of both molecules. The phosphate group in the backbone of DNA carries a negative charge, leading to inter-molecular repulsion and therefore a decrease in the association rate. The presence of ions in solution shields any charges present in the solution, leading to a dependency of the association rate on the ionic strength. Another effect that would lower the reaction rate can be the presence of the particle surface, which could decrease the encounter rate of the oligos.  The off-rate of the interaction between oligo A and target molecule T is determined from the lifetimes of the short-lived bonds formed between the particle and the substrate. The on-rate constant is estimated to be (1.5 ± 1.0) ⋅ 10  M s , based on the  of the oligo B interaction, as conditions are comparable taking the shorter length into account. The resulting value for = 13.6 ± 10.0 μM, which exceeds the target molecule concentrations used in the experiments. With these numbers the maximum activity of the system is expected at [T] = 530 ± 390 nM. This value seems to be in agreement with the extrapolated activity of the system. 
6.3.6. Lifetime of the secondary bond The release of the particles from the bound state to the free state indicates a release of the secondary bond. The lifetime of the secondary bond is dominated by the lifetime of the interaction between oligo A and the target molecule, as the interaction between oligo B and the target molecule T is stronger than between oligo A. We will compare the experimentally observed lifetimes with an empirical model of the oligo lifetimes and the thermodynamic predictions discussed in section 4.4. The off-rate constant off of an oligo interaction can be estimated using the semi-empirical relationship determined by Strunz et al.: = 10 .  where  is the number of complementary consecutive nucleotides at room temperature in PBS buffer. 113 Strunz et al. determined the thermal off-rate constants via AFM dynamic force spectroscopy measurements of short DNA oligos, extrapolated to zero force. The geometry is comparable in Strunz’ measurements and our system; the short DNA bond is confined between the substrate and a particle in our experiment, or the AFM tip in Strunz’ setup.  Oligo B has 11 nucleotides complementary to the target molecule, yielding an estimated off = 3.2 ⋅ 10  s-1, which corresponds to a characteristic binding time = 1/  of 5 minutes. The off-rate of oligo B is observed in the decrease of the system response after flushing the system, i.e. the recovery time. The observed system recovery time is ten times higher at 54 ± 22 minutes.  Oligo A has 8 complementary nucleotides, which has an expected off = 0.1 s . This corresponds to a characteristic bond lifetime = 1/  of 10 seconds, which is about two times higher than the 4.9 ± 0.7 s observed. The difference might be due to 
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the low GC content (38%) in oligo A; the lifetime is expected to be shorter than the one predicted by the empirical relation, which is determined for DNA with 60% GC-content. A second method to predict the off-rate constants of the oligos is to make a comparison between the dissociation constants  observed in the system and the thermodynamic parameters of the interaction.110 The  of DNA association has been extensively described.114,115 Combining  and the thermodynamically determined  can be used to predict = ⋅ . Curiously, the dependence of  on the number of base pairs found by Strunz et al. at room temperature is reproduced in terms of the thermodynamic parameters only if the temperature is chosen to be close to 76℃. It is possible that this is either an artifact in the measurements and analysis by Strunz et al., or an effect that is caused by the geometry of the system. The geometry might prefer a different molecular dissociation route than DNA molecules in solution. For the analysis of our data we will analyze our system also in terms of the thermodynamic predictions. Using the thermodynamic parameters for the interaction between oligo B and the target molecule, a local temperature of ~48 ℃ is found to correctly predict the observed dissociation constants at ~20 nM. The elevated temperature may be caused by sample heating through the illumination light. Adopting sample heating to 48 ℃, the  of the oligo A – target molecule interaction is predicted to be on the order 10  s , much faster than is observed in our experiments. If we assume a double interaction between the particle and the substrate with two parallel oligo A – target molecule interactions, this would give a predicted dissociation rate constant on the order of 10  .146 This double interaction has a characteristic lifetime that is consistent with the observed lifetime of the secondary bond between the particle and the substrate. Furthermore, for a system in which particles become bound to the substrate with a number of bonds that depends on the concentration of target molecules, we have shown that the response of the system increases super-linearly with the concentration of target (compare with Figure 3.5), which is consistent with the observed super-linear response of the system activity in response to the concentration of target molecules in which = 1.7 ± 0.2. Both the empirical and thermodynamic predictions of the particle binding time leave us with different interpretations of the secondary bond in the system. In addition to the interpretation of the dissociation in terms of , the particle dynamics can significantly alter the observed binding times; rebinding of the particle can occur multiple times after the secondary bond has been dissociated before the particle diffuses away from the substrate. The rebinding parameter, as discussed by Lagerholm 
et al.,147 is a measure for the average number of times a molecule rebinds. At maximum surface functionalization, and taking the particle diffusion rate into account, the system is estimated to have a rebinding parameter in the order of 2 ∙ 10 . This would increase the characteristic off-rate of the secondary interaction significantly. These results entice further investigation on the molecular interactions of the system. However, 



Chapter 6 - Particle Motion Biosensor with Single Molecule Resolution for Continuous Monitoring 
Applications 

156 

regardless of which mechanistic model, or combination of models is correct, the particle motion system has demonstrated the ability to detect single molecular interactions. 
6.3.7. Performance limits of the system The experimental results have demonstrated that the tethered particle system can be used to monitor the concentration of target molecules over a range between 1 and 200 nM with a dynamic response. In this section, we discuss the theoretical performance of the particle motion biosensor system, and how it can be adapted to accommodate different performance regimes.  The limit of detection, or the lowest concentration that can be reliably detected, is determined by three main components; the non-specific interactions, the signal to noise ratio, and counting statistics. The detection of the binding events between the particle and the substrate has a discrete character; every detected change in the particle motion is related to a single molecular interaction. In absence of non-specific interactions, the counting statistics of the biosensor becomes the limiting factor. In our current experiments using only BSA blocking, we observe a non-specific signal in the order of 1.5 detected event per particle per 5 minutes. This can easily be improved by using strategies to prevent non-specific interactions, e.g. antifouling coatings based on bio-inspired materials,148 bio-inert polymers,149 or whole blood anti-fouling hierarchical polymer brushes.150 Limiting the number of non-specific interactions is one commonly used strategy. Another strategy, which was used by Johnson-Buck et al.,120 is to distinguish the specific and non-specific interactions based on the lifetime of the bond. The specific interactions with the target molecule can be engineered to have a distinctly different lifetime from the non-specific interaction, e.g. by changing the number of complementary base pairs,110,113 by purposefully creating mismatches in the sequence,107 or by using oligos with chemically altered backbones such as peptide nucleic acid (PNA)151 and locked nucleic acid (LNA).152 Furthermore, chemically altered backbones have added advantages such as nuclease resistance and altered affinities.153 With distinct specific and non-specific bond interaction strengths it is possible to distinguish between non-specific and specific bonds based on the observed lifetime.120 The concentration at which the particle motion biosensor has a response can be controlled through the D of the interactions with the target molecule. To measure lower target concentrations, a stronger particle binder oligo can be used. This will shift the response curve to lower concentrations. As a secondary effect, the target molecules that are captured by the particle are bound more strongly, and the system will respond slower to a decrease of concentration. Inversely, a system with a higher D will respond to higher concentrations, but will have a better recovery time. This poses an inherent 
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trade-off between the operating concentration regime, and the speed at which the tethered particle biosensor responds to a decrease in concentration.  Counting statistics become especially relevant when measuring low concentrations in which single molecule interactions are detected. Assuming that all binding events are uncorrelated, the measurement follows Poisson statistics, and the statistical variation in a measurement with  events scales absolutely as ~√ , relatively as ~1 √⁄ . To obtain more accurate results it is therefore advantageous to increase the number of detected events. There are several ways this can be achieved: by measuring for longer times, or by increasing the number of parallel measurements. The number of simultaneously tracked particles can be increased by optimally using the available surface area.  Here we estimate the detection limit caused by counting statistics, assuming negligible non-specific binding and neglecting mass transport limitations.122 Details on this calculation can be found in Appendix H. To obtain an accuracy of 3% on a measurement of the concentration, approximately 10  unrelated events need to be detected. We estimate that in a particle motion analysis system 10  particles can be monitored when the particles are efficiently distributed over the surface154 and using a slightly larger field of view of 750 ×  750 . 1000 events need to be detected distributed over the 10  particles to reach an accuracy of 3%. The maximum response of the system is assumed to be 10 events per particle in 5 minutes. The calculation shows that the 3% accuracy threshold is reached at 0.01 D in a 5-minute window, or at 0.05 D for a 1-minute window. The sensitivity of the system can therefore be tuned through the D.  The highest concentration that can be detected is determined by the high concentration regime of the dose response curve. We require that the slope of the signal has to exceed the standard deviation of the signal by a factor of 3 (see appendix H). For a 1-minute measurement the upper response limit is 5.1 ⋅ , for a 5-minute measurement 7 ⋅ . The total dynamic range is 2 orders of magnitude for a 1-minute measurement, or nearly 3 orders of magnitude for the 5 minute measurements. A way to increase the dynamic range is to use multiple interactions with different values for D. The resulting response will be a superposition of individual response curves, covering a larger dynamic range. An alternative way is to use the particle motion analysis to discriminate between single, double and multiple bound particles, which has the potential to increase the dynamic range by two orders of magnitude.60 
6.4 Conclusion and Outlook We have developed a measurement technique for the detection of molecules in solution based on the analysis of tethered particles. The particles (1 µm) are kept in close proximity to the substrate by a 40 nm permanent dsDNA tether, and can form an additional bond to the substrate in the presence of the 22 nucleotide DNA target 
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molecule. The target molecule is captured by an oligo on the particle with 11 nucleotides complementary to the target molecule, and can then bind to the 8 nucleotide complementary oligo on the substrate, creating a secondary bond between particle and substrate. The formation and dissociation of this bond results in a change in the motion of the particle, which is recorded and analyzed using a data analysis algorithm. The change in particle motion corresponds directly to the discrete detection of a single molecular interaction between particle and substrate. Analysis of the lifetimes of the bound and unbound states confirm that the switching behavior is described with a single association and single dissociation process.  The switching activity of the particle motion biosensor was measured as a function of the target molecule concentration. The system recovery was investigated and the response of the biosensor system was observed to decrease exponentially. The dynamic response of the measurements demonstrates that the system is a potential candidate to be used for monitoring concentrations of target molecules in fluid over extended periods of time.  For monitoring applications, the proposed technique provides a way to continuously monitor the target molecule concentration. The target concentration range in which the sensor is sensitive is controlled through the equilibrium dissociation constant of the interaction between the target capturing molecules and the target molecules. Combining multiple target binders with different equilibrium dissociation constants can be used to increase the dynamic range. Furthermore, analysis of the particle motion can be used to improve the dynamic range. The optical requirements for performing particle motion measurements are very reasonable, facilitating integration of motion pattern analysis in future biosensing systems. A possible application of the particle motion based analysis method is real-time monitoring of the molecular state of patients. Continuous monitoring of the state of a patient is widely applied in modern medicine.155 Current patient monitoring systems focus on vital parameters such as temperature, ECG,61,62 blood pressure,63 blood oxygen saturation level,64 and respiratory function. A key example of real-time molecular monitoring systems are sensors that monitor blood-glucose levels.65 Real-time monitoring of the molecular state of a patient is technologically very demanding but may, when developed for other markers have a large potential impact in healthcare.68,69  Monitoring biosensors may be used to monitor the efficacy of medicine administration, and the course a disease is taking.  Monitoring biosensing systems come with a unique set of challenges: they have to resist contamination from the biological system, the biosensor should be very stable, the sensor response should be reversible, and they can only make use of reagents that are contained and do not leave the sensing system. Label free techniques like surface plasmon resonance (SPR)156 and quartz crystal microbalance (QCM)157 are in principle candidates for such systems. However, these techniques require complex readout 
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systems and require synchronization of the measurement system to a defined initial state.3 The particle motion based biosensor presented in this paper has the potential to solve several of these issues; each particle is a full self-contained biosensor of which the response can be related to the concentration of target molecules. 
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Appendix 

A. Design of the flow system  A flow system was used to sequentially introduce the antibodies, oligos, and particles to the measurement chamber, and to perform the washing steps during the preparation of the sample. During measurements, the target DNA was introduced into and flushed out of the system in a volume and flow speed controlled manner. We used an in-house built setup (components from TLG, Billund, Denmark) for organizing the tubing, solutions, connectors and the sample, as well as closing the tubing by using clamps when no flow is required.  Two electronic, programmable syringe pumps (Oxford Instruments, UK) were used to control the fluid flow.  The measurement chambers were constructed on a glass microscope slide (75x25 mm #5, Menzel-Gläser, Germany). The glass was cleaned using two 10-minute sonication treatments in a sonic bath. The first sonication step was performed in isopropyl alcohol, the second in methanol. After both steps the microscope slides were dried using a gentle stream of nitrogen. A flow cell sticker (Grace Biolabs, USA) was attached to the glass substrate to form the flow channel. The flow channel has a custom design of a 20 mm long, 4 mm wide chamber with a depth of approximately 300 µm. The top side of the flow cell sticker was made from optically clear plastic, 200 µm thick. At the two ends of the flow channel, two flexible tubes have been inserted into the flow channel through 1 mm holes in the top plastic. The tubes were fixed in place using Ultra Light-Weld 142-M glue (Dymax, Wiesbaden, Germany). The glue was cured using a 10 second UV exposure with an OmniCure S1000 (Lumen Dynamics, Canada) UV-exposure setup. The placement of the tubes at the end of the flow channels ensured quick development of a homogeneous, laminar flow profile over the entire flow channel with a minimal dead volume.  
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Figure S6.1: Overview of the fluidic system used for the preparation of the measurement 
chamber and the flow of the fluid through the measurement chamber. (a) Schematic 
representation of the flow system. Sample fluid (green) is aspired from the sample container 
using a tube. The tube is split using a Y-connector into the blue line, which is used for flushing, 
and the orange line, which is used to flow the fluid through the measurement chamber. Two 
syringe pumps are used to control the fluid flow through both systems. The two clamps can be 
closed individually to prevent unintended flows in the respective lines. (b) Sketch of the flow 
profile observed through the measurement chamber. The flow profile of the injection side is 
shown in more detail. A schematic representation of the flow system is shown in Figure S6.1a. The flow system was used to control the routing, aspiration, and flushing of fluids through the measurement chamber. The flow system is a model system for the fluid to be monitored, e.g. for continuous monitoring of concentration of target in the blood stream. A piece of silicon tubing (inner diameter 0.76 mm, Helixmark tubing, Freudenberg medical, Germany) was connected to a needle, which was placed into the solution that is to be aspired into the flow system. The aspiration tubing was connected to a vertically placed three-way Y-shaped connector, which connects the aspiration tubing to two separate lines. The Y-connector had a small internal volume (20 µL), which served as a trap for small air bubbles that may be introduced into the system due to switching between different fluids. A piece of silicon tubing was connected to the upper arm of the Y-connector and then fed through a clamp. The clamp could be engaged and disengaged as required to compress the silicon tube and block fluid flow. The silicon tube was then connected to the syringe pump which actuated the fluid flow. This line is referred to as the blue line. In addition to flushing the tubing with fluid, the blue line could be used to remove air bubbles that became trapped in the Y-connector. A third piece of silicon tubing formed the second line (the orange line), which was fed through the second clamp, and then connected to the measurement chamber. A final piece of silicon tubing connected the measurement chamber with the second syringe pump to complete the orange line.  To ensure that all fluid in the measurement chamber is exchanged effectively, both fluid connections were made at the apices of the rounded ends of the flow cell. The 
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resulting flow profile is shown in Figure 2b. The flow profile was observed using the suspended particles during typical flow steps. No dead volumes, or vortices have been observed in the measurements chambers at both sides of the in- and outflow. 
B. Concentrations of molecules in the prepared system A discussion is given on the number of molecules present in the system after the preparation protocol. A few assumptions are made in these calculations; reaction run to full completion within the incubation times, the volume of all reactants is 24 µL, which corresponds to the volume of the fluid cell, and all molecules are functional after reacting. These assumptions are not accurate for many reaction systems, but satisfy the purpose of this section: giving a sense on how the numbers of molecules compare to one another in the system. All numbers presented are rounded to two significant digits. The surface is incubated at antibody concentrations of 40 ng/ml and 5 µg/ml for the antibody against TexasRed and DIG. This corresponds to concentrations of 270 pM and 33 nM. If all surfaces are homogeneously coated, the density of antibodies is 22 μm  and 2700 μm  respectively. The density of anti-TR is low to lower the chance of particles forming double tethers. The anti-DIG antibodies would, at an assumed footprint of 100 nm , cover 27% of the available surface.  Oligo A binds to the anti-DIG antibody, and is incubated at a concentration of 1 µM, sufficient to bind to all anti-DIG active sites. Assuming that each anti-DIG antibody presents two binding sites, the number of surface bound oligo A molecules corresponds to a concentration of 66 nM. Oligo B is mixed at a concentration of 5 µM or 1.25 µM with an equal volume containing 16.6 pM MyOne Streptavidin C1 particles. Per particle this corresponds to an average of 3 ⋅ 10  or 7.5 ⋅ 10  oligo B molecules that can bind to the surface. The binding capacity of the MyOne particles for free biotin is approximately 5 ⋅ 10  biotin molecules per the data sheet. Per field-of-view of 400 ×  400 μm  a maximum number of 1000 particle is tracked in our experiments. At that density, the number of oligo B molecules bound to the particles corresponds to a fluid concentration (24 µL) of 10 nM.  The maximum target molecule binding capacity for 24 µL of fluid is 76 nM, of which 10 nM can be bound to oligo B, and 66 nM can be bound to oligo A. The equilibrium dissociation constants of oligo B and A with target molecule T are (estimated at) 20 nM and 400 nM respectively. Then the fraction of oligo A or B bound target molecules is then < 50 % for all target concentrations. The numbers presented in this section are determined under the aforementioned assumptions. The real numbers are expected to be affected by the many processes that 
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create the system: e.g. the reaction rates, reaction depletion near the surface,158 incubation times, flow effects and volumes, steric hindrance, electrostatic interactions between charged reactants, antibody deactivation upon (non-directional) substrate physisorption and non-specific interactions. With the exception of the flow volume, most of these effects decrease the binding efficiency. For example, the fraction of active antibodies is observed to be below 4% on nondirectionally surface immobilized antibodies.159 Therefore, it is reasonable to assume that the number of active sites is significantly lower. 
C. Motion patterns of primary tethered particles To check if the particles are tethered via the primary tethers, the first measurement was performed without target molecules in the fluid. An overview of the motion patterns observed in such a negative control measurement is shown in Figure S6.2. 
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Figure S6.2: Overview of the motion patterns observed in the measurement described in the 
main text at the initial blank measurement, in the absence of target molecules. Particles are 
arranged from right to left, top to bottom in descending order based on their motion 
amplitudes. Most patterns indicate motion that corresponds to the motion of a particle with a single tether, except for the motion patterns shown in the bottom two rows, which are likely modified by non-specific, double primary tethers, or both. The observed variation in motion amplitudes is due to the roughness of the particles. For more details on the interpretation of the motion patterns we refer to the discussion on this topic in our paper and in Chapter 3.60 
D. Average activity versus target concentrations at 

different preparation conditions of oligo A and B The activity of several systems prepared with different concentrations was measured as function of the concentration of oligo B on the particle, and volume and 
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concentration of the oligo A on the substrate. The resulting activity dose-response curves are shown in Figure S6.3. 

 
Figure S6.3: Average particle activity versus target concentration for systems prepared with 
different concentrations of oligo A on the substrate and oligo B on the particle. The system 
labeled with ‘short incubation’ has been prepared with [ ] = 1 , the incubation of the 
surface oligo was performed with a 30-minute incubation of 200  PBS buffer with [ ] =5 . The other systems are prepared with a 60-minute oligo B incubation in 400  PBS. Two 
systems were prepared with  [ ] = 1  and [ ] = 5 , one system was prepared with [ ] = 0.25  and [ ] = 1.25 , the blanks were prepared with [ ] = 0  and [ ] =5 . The number of tracked particles at the start of the measurement is indicated at the end 
of the curve. The dotted lines correspond to fits of the non-blank curves with the Hill equation. From Figure S6.3 it is clear that the amplitude of the response is modulated by the preparation methods. Higher incubation concentrations, volumes and times lead to higher activity responses of the system. 
E. System saturation at high target molecule regimes Multiple bonds between the particle and the substrate may form at high target molecule concentrations. Particles with multiple bonds can, on the timescale of a 
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measurements, become irreversibly bound and therefore not change mobility. To illustrate this the amount of saturation is shown as function of the target molecule concentration in Figure S6.4. The motion patterns of the particles are classified as patterns with a minor motion amplitude > 40 nm, < 150 nm and a symmetry parameter > 0.75 correspond to motion of a particle with a primary tether. 

 
Figure S6.4: fraction of particles with a motion not corresponding to primary tethered 
particles as function of the concentration of target molecules. Incubation concentration [ ] =1  and [ ] = 5 . The number of particles with a motion that does not correspond to a primary tethered particle increases clearly for a target molecule concentration between 8 and 200 nM, indicating that a significant number of particles becomes irreversibly bound. A clear drop in the fraction is observed at 1 µM. At these concentrations, it is likely that the target molecules bind to oligo A on the substrate and help break up the multiple interactions between the particle and the substrate. 
F. Detection of RNA target molecules and different oligo 

B lengths The response of the particle motion biosensor measured in the presence of different concentrations of RNA target molecules is shown in Figure S6.5a. The RNA target molecule has the equivalent sequence to the DNA target molecules, but in RNA nucleotides. A response to the RNA target molecules is observed at higher 
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concentrations than for DNA molecules (300 ± 61 nM compared to 20.6 ± 1.4 and 14.7 ± 2.8). A shift to higher concentrations is expected as the interaction between RNA and DNA oligos is weaker than for homogeneous hybrids (the strength of double-stranded nucleic acids is RNA:RNA > DNA:DNA > RNA:DNA).160 The response of the system to DNA target molecules was also measured with oligo B at a length of 9 nt (sequence: 5’ ACG GTA CGA 3’ with a 3’ biotin group). The shift in the response is observed by an approximate factor of over > 50. A shift is expected as the interaction between the target molecule and the 9-nucleotide binder oligos is weaker than the original 11-nucleotide binder, leading to a higher  of the interaction. 
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Figure S6.5: Measured activity as function of the target molecule concentration, corrected for 
the background activity level. a) Comparison of the measured activity of two response curves 
using the DNA target molecule, and one response curve using the RNA version of the target 
molecule. b) Comparison between the two response curves measured with 11 nt oligo B, and 
one response curve measured with 9 nt oligo B. Incubation concentrations are indicated in the 
plot.  
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G. Characteristic system recovery time After an initial dose-response series, the system was flushed with PBS buffer, and the change in the activity was recorded over time. Figure S6.6 shows the decay of the measured activity as a function of time after the introduction of PBS buffer. A selection was made on particles that have a motion that corresponds to particles with a well-formed primary tether. Selection criteria are based on the parameters that describe the shape of the motion pattern that were introduced in Chapter 4. The selection criteria that were used are: the minor motion amplitude > 40 nm and < 150 nm with > 0.75. This selects for particles that have a well-formed tether, and have at most a single secondary bond with the substrate. Particles that have multiple secondary bonds and would therefore remain irreversibly bound to the substrate on the timescale of the experiment are thus not included in the analysis. Only measurements in which at least 20 particles satisfy the selection criteria were analyzed. 
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Figure S6.6: Observed exponential decay of the system activity as function of time for particle 
with > 40 nm, < 150 nm and > 0.75. The shown activity has been 
corrected for the background activity of the system (determined from the fit of the dose 
response). The incubation concentrations are indicated in the legend. The system labeled with 
‘short incubation’ was prepared with a 30-minute incubation of surface oligo B with 200  
PBS buffer at the indicated concentration of oligo B. The other systems were all prepared with 
a 60-minute oligo B incubation in a volume of 400  PBS. The decay curved were fit with a 
function of the form: ⋅  (− ⁄ ) through which the characteristic decay time  was 
determined. The average number of particles  that satisfy the selection criteria during the 
decay is indicated in the plot. The found decay times are theoretically expected to depend solely on the off-rate of the target molecule from oligo B on the particle. The three observed time constants of the decay in the activity overlap within the error margins at values of = 48 ± 6 minutes, = 57 ± 3 minutes and = 76 ± 39 minutes (fitting errors, 68% intervals). The error weighted mean of the characteristic decay time is then 55 ± 7 minutes.  
H. Detection limit at higher target concentrations At high concentrations, the response of the biosensing system to the concentration of target molecules saturates, as the binding sites become saturated with analyte 
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molecules. Here we will derive an expression for the upper limit of detection based on the simplified dose-response model. We start with taking the dimensionless response:   
( ) = 1 + ⋅ Δ ⋅ ⋅ , 

in which  is the normalized target molecule concentration = [T]/ , Δ  is the time over which the measurement is taken, and  is the cooperativity factor from the Hill equation. As parameters, we take = 10 , and a maximum response of =2 events/particle/minute based on the values observed in our measurements.  Similar to the lower limit of detection, the upper limit of detection  is defined as the point where the change in the slope of the response becomes lower than 3 times the statistical counting error:  ( ) ⋅ = 3 ⋅ ( ) 
Where the derivative:  

= ⋅⋅ (1 + ) ⋅ Δ ⋅ ⋅ . 
Then the upper limit of detection is found by solving the resulting equation: ⋅(1 + ) = 9Δ ⋅ ⋅ . 
I. Distribution of the number of observed events per 

particle The number of observed events per particle is, under the assumption that the formation chance of a secondary bond is constant for all particles at all times, Poisson distributed. This assumption is valid for a process that is described with a rate constant. The distribution in the number of changes in the motion of the particle (events) is shown in Figure S6.7 and compared to the expected Poisson distribution.  
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Figure S6.7: Comparison between experimental observed and expected number of events per 
particle. (a) Histogram of the experimental observed number of events per particle, overlaid 
with the expected Poisson distribution (red dots) scaled for comparison with the experimental 
distribution. (b) Expected Poisson distribution. The number of events is mostly observed at even numbers: as bound states have a short typical lifetime, the events are generally observed in pairs. Therefore, only even numbers of events are shown in the expected distribution. There is a clear difference between the experimentally observed number of events and the expected Poisson distribution indicating that the kinetic rate of the association process is not described by a single rate. This is reflected in the lifetime distribution where, in the tail, the process is not described by the two association and dissociation exponentials used in the fit, as depicted in Figure S6.8. 
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Figure S6.8: Survival plot of the lifetimes of both bound and unbound states determined from 
the motion data of all particles in a single 5-minute measurement at a concentration of 7.8 
nM. The survival curve was fitted with a double exponential decay function of the form: − ⋅ + (− ⋅ ). The dashed lines indicate the contribution of the two 
exponents. The deviation at long times is less than 0.01, but is clearly highlighted due to the 
logarithmic − axis scale. We hypothesize that this deviation is due to the heterogeneity of the particle system, leading to a different association rate for each particle. This distribution is not easily determined: the survival plot of figure S4 can be fitted with a triple exponential function. However, this leads to over parametrization of the system and fit-parameters that are inconsistent between experiments. Therefore, the fit is performed with the double exponential function, which describes 99% of the observed kinetics. 
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Chapter 7. Conclusions and Outlook 

In this thesis, we have investigated two main topics: interpretation of the particle motion, and a new biosensing technique based on tethered particle motion for the continuous detection of the concentration of analyte molecules. In the first part, the shapes of the motion patterns were interpreted in terms of the geometry of the particle and the number of tethers. Furthermore, the prospective applications of tethered particle motion analysis in point-of-care biosensors were discussed. In the second part, a concept for the continuous detection of target analytes has been developed based on tethered particles and the formation of secondary bonds in presence of target molecules. A data analysis method has been developed for the detection of binding events in the biosensor. The data analysis algorithm has been characterized in terms of the performance of the algorithm in simulated and experimental results. Next, a proof-of-principle of the biosensing technique has been demonstrated and the characteristic behavior of the developed biosensing system has been discussed. This chapter reviews the key scientific and technological advancements and provides an outlook toward future applications of the techniques described in this thesis. 
7.1 Interpretation of motion patterns The application of tethered particle motion in the field of biosensing is based on in-depth understanding of the relationship between the motion patterns and the system binding the particle to the substrate. In literature, tethered particle motion has been used extensively as a research tool for measurements of the properties of DNA strands, and the interaction between proteins and DNA strands. An overview of the history and research performed with tethered particle motion has been given in the first half of Chapter 1. Such measurements have generally been performed in well-controlled environments. In biosensing systems, the environment can vary strongly between samples, and as much of the data as possible should be gathered and interpreted for maximum readout performance. Therefore, a good understanding of the mechanisms that affect the motion patterns is required. The relationship between the motion patterns and the underlying system geometry has been investigated in Chapter 3.  We have demonstrated that the motion patterns of molecularly tethered particles are highly sensitive to the molecular system binding the particle to the substrate and to the morphology near the molecular attachment point. Four classes of circular symmetric motion patterns and three classes of non-circular symmetric motion patterns have been identified in experiments, and their interpretation has been validated with Monte 
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Carlo simulations. The experimental model system consisted of particles (1 µm or 500 nm diameter) tethered to a glass substrate by 40 nm (120bp) dsDNA strands. Disc-like motion patterns originate from the idealized system with full rotational symmetry and a single molecular tether. Ring- and bell-shaped patterns represent systems with a protrusion on the particle near the molecular attachment point. Double and triple tethered particles lead to striped and triangular shaped motion patterns, of which the shape indicates how the tethers are bound on the particle and the substrate. Dynamic bond switching was observed in about 3% of all patterns, and is related to changes in the underlying molecular system. In several instances repeated formation and breaking of a secondary bond was observed, confirming that double-bound particles lead to stripe patterns. The dynamic switching behavior is illustrative of the sensitivity of particle motion to the underlying molecular binding system. The Monte Carlo simulation method used in literature for the simulation of tethered particle motion has been implemented. In Chapter 2, we describe how this simulation method has been extended to enable inclusion of the surface geometry of the particle and multiple tethers attaching the particle to the substrate. With these extensions to the Monte Carlo method, the particle motion of most experimentally observed motion pattern could be simulated.  
7.2 Analysis method for dynamic particle motion In the second part of the thesis, the dynamic particle motion is leveraged for the development of a dynamic particle motion based biosensor. This biosensor is based on the detection of changes in the motion of the particle to signify the presence of a bound analyte molecule. Therefore, a data analysis algorithm is required that recognizes the state changes in the particle motion. There can be significant overlap between the motion of the particle in the bound and the unbound state, requiring a robust detection method for the detection of state changes in the particle motion. The observed state changes can be heterogeneous in nature due to the stochastic character of the reactions that create the binding sites. In Chapter 5, an algorithm has been described for the detection of such changes in the particle motion. The method is based on the principle that the position distribution observed in the motion of the particle changes upon sudden changes in the interactions between the particle and system. The second moment divergence function was proposed for the detection of the changes in the motion distribution. The function is sensitive to changes in the first and second moment of the position distribution, and has a 3  significant response within an average of 20 data points for changes in the first and second moment of |Δ / | > 0.1, or |Δ / | > 0.4 respectively. Furthermore, the divergence point at which the change in the motion occurs can be back-extrapolated using the second moment divergence function.  



 

177 

The second moment divergence function is employed in the first step of the algorithm for the detection of changes in the raw motion data. In the second step, the detected motion states are compared using the Kolmogorov-Smirnov test, and combined if statistically insignificant differences are observed. The algorithm processes the data without requiring predetermined thresholds, locations, number of binding states, or filtering of the data. The only required input is the significance level for the detection, a correction factor to account for the correlation in the motion data due to the Brownian character of the particle motion, and the length of the reference and search intervals of the algorithm. The algorithm is therefore an objective and flexible method for the analysis of the motion of tethered particles. The detection algorithm was tested against both experimentally obtained and simulated data of tethered particles that form transient secondary bonds with the substrate. Manual inspection of the algorithm shows that the algorithm detects over 80% of motion changes in the data that last longer than 25 data points. No limitation was found in the detection algorithm in regards to the number of states that can be detected, as long as the state change results in a significant change in the motion of the particle. The times at which a motion change is detected are generally within 2 data points of the position where a human would place the motion change. This demonstrates that the algorithm can be applied for the automated analysis of particle motion data in situations where conventional strong selection criteria would be too limiting, such as in biosensing applications. 
7.3 Particle motion based continuous biosensor The algorithm described in Chapter 5 was applied in a particle motion based biosensor for the continuous detection of target molecules. For sensitive real-time monitoring techniques, continuous detection of specific biomarkers with single molecular resolution is required. In Chapter 6 of this thesis, a new biosensor concept has been developed, in which the dynamic bond switching is leveraged to detect the presence of analyte molecules in the fluid. The biosensor is based on a particle that is tethered to the substrate with a primary tether and becomes intermittently bound to the substrate in presence of the target molecule. A 22 nucleotide ssDNA oligo was used as target molecule. The target molecules are captured by an oligo on the particle with 11 nucleotides complementary to the target molecules, and can then bind to the 8 nucleotide complementary oligo on the substrate, creating a secondary bond between particle and substrate. The formation and dissociation of this bond results in an observable change in the motion of the particle, which is recorded and analyzed using the data analysis algorithm described in Chapter 5. The change in particle motion corresponds directly to the discrete detection of a single molecular interaction between particle and substrate. Analysis of the lifetimes of the bound and unbound states confirmed that the switching behavior is described with a single association and a single dissociation process.  
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The motion switching activity of the particle motion biosensor system to the concentration of target molecules follows an S-curve, which is expected for the underlying molecular interaction model for the target molecule concentrations that are measured. A kinetic model to describe the response of the biosensor is presented in Chapter 4. After removing the target molecules from the measurement chamber, the response of the biosensor system is observed to decrease exponentially, and upon reintroduction of target molecules in the system increases with the concentration of target molecules. The dynamic response of the system to the concentration of target molecules is a proof-of-principle for the application of the tethered particle biosensor for monitoring dynamic concentrations of target molecules in fluid over extended periods of time.  
7.4 Outlook Point-of-care biosensors based on the optical detection of particles are currently on the market.53 The application of tethered particle motion in such biosensors requires that the individual particles can be recognized and their motion recorded at sufficient time- and spatial-resolution to enable the tracking of the particle motion. Two possible applications are: to discriminate specific and non-specific particle binding based on the respective motion patterns, and to distinguish single, double and multiple tethered particles from each other. Discriminating between specific and non-specific bonds can contribute to the robustness of the biosensor to sample-to-sample variations, and may improve the limit-of-detection of the biosensor.  The motion patterns of the surface bound particles should be clearly different in order to be able to distinguish the specific, and non-specific bound particles that form in the biosensor system. If the motion patterns of the specific and non-specific bound particles are not easily distinguishable, it may be possible to redesign the system such that specific bonds form with a distinct tether. One can think of a tether that is included in the formation of a specific bond to obtain motion patterns with a distinctive motion amplitude. Similarly, motion patterns can be used to distinguish between single, double and multiple bound particles. In Chapter 3, we have shown that this can lead to a prospective increase in the dynamic range of the biosensor by two orders of magnitude. Discrimination between the different types of motion patterns can be performed based on quantitative interpretation of the motion pattern shapes, such as the ones described in Chapter 2. The optical requirements for performing particle motion measurements are very reasonable. Huge advancements are currently made in the technology behind small integrated optical systems and high performance cameras, driven e.g. by the consumer demand for improvements in smartphone cameras. Similarly, the computational power increases and the cost of processor chips decreases according to Moore’s law, and high power light sources (laser/LED/SLD) become better and cheaper. These 
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developments facilitate the integration of motion pattern analysis in future biosensing systems. If not feasible at this moment, it is a matter of time before technological progress enables the implementation of such systems. The particle motion based biosensor concept demonstrated in Chapter 6 is an enabler for monitoring biosensing technologies. The particle motion based biosensor can be seen as a next generation sandwich assay technique. The proposed technique provides a way to continuously monitor target molecule concentrations, with a detection resolution of a single molecule.  The secondary bond that forms between the particle and the substrate is comparable to the sandwich format that is used in many immunoassays. The tethered particle system is therefore an extremely versatile technique. Many types of binder molecules and assays can be used (e.g. antibodies, proteins, enzymes, DNA oligos, aptamers). The system performance can be tuned through these binder molecules on the particle and substrate. This allows for control over the dynamic range of the biosensor and the typical reaction times of the sensor to changes in the concentration of target molecules. This tuning can be performed by adjusting the affinity of the binder molecules. With high affinity binders, the sensor can detect low concentrations, while with lower affinities higher concentrations can be measured, and changes in the concentration of target can be measured faster. As the technique is based on the motion analysis of tethered particles, it is possible to apply the aforementioned non-specific and multiple bond discrimination techniques to improve the performance. Another main advantage of the tethered particle biosensor is that the tethered particle system is self-contained; no additional reactants are required for it to function, which simplifies the implementation of the technology. The system can therefore be implemented in a fluid in which the concentration of target molecules can be continuously monitored.  Prospective applications are molecular monitoring biosensors that can be implemented in or on the body (e.g. for the detection of infection and inflammation markers) and devices for monitoring concentrations of target molecules in fluids (e.g. food and water quality control). Monitoring the molecular state of patients is a field of application with a large potential impact in healthcare. Monitoring is useful for patients whose condition may deteriorate within short timescales, e.g. intensive care patients and diabetics. Most present-day monitoring devices measure physiological parameters, such as heartrate, blood pressure and breathing rate. Continuous real-time monitoring of the molecular state of patients is not yet widespread. Given the importance that molecular biomarker detection has in medical diagnostics, and the effectiveness of the existing monitoring systems in guarding patients in critical and serious conditions, it seems likely that molecular monitoring is going to have an important role in the future of patient care. The particle motion based concept 
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described in this thesis may become an enabling technology for the realization of such systems.
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