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CHAPTER 1: Purpose 

Within the field of Biophysics, the study of neurons has occupied an increasingly large 

portion of active research over the past decade. Presently, there is a significant knowledge base 

surrounding molecular pathways cellular signaling processes and molecular pathways that 

control the motility of the growth cone. Throughout this neuronal research boom, however, it has 

become clear that a detailed knowledge of the mechanisms by which neurons change their 

mechanical properties in response to external stimuli is necessary for understanding neuronal 

growth and the development of the nervous system. For example, studies have shown that 

neurons are very sensitive to a variety of external stimuli, including biochemical cues,[1−4] 

electric fields,[1,2,5] substrate geometry,[6−12] stiffness of the growth substrate,[5,13−16] and 

signals from other neurons and glial cells.[1,2,17] Moreover, it has been established that the 

elastic properties of neurons and other brain cells, such as astrocytes and glial cells, are 

meaningful indicators of cellular health. Several studies have demonstrated that there are 

significant changes in cellular mechanical properties, which are associated with Alzheimer’s 

disease, inflammation, cancer, or multiple sclerosis.[18−20] This, of course, is only a subset of 

scientific discoveries that hinge in part on furthering the understanding of neurons on a physical 

level. Therefore, it is continually pertinent that research is done to further our understanding of 

the mechanical properties and how they respond to stimuli. It was with this in mind that the 

projects discussed in Chapters 4 and 5 were conducted. 

Contrastingly, the driving force behind Chapter 6’s project was the development of a new 

method based on Electrostatic Force Microscopy to perform quantitative measurements of the 

dielectric constants of individual carboxylated and non-functionalized polystyrene nanospheres. 

This method has the potential to be used to measure dielectric constants of individual 

nanoparticles, beads, and composite materials at the nanoscale. Moreover, such a methodology 

can be used to distinguish between homogeneous vs heterogeneous materials based on their 

measured dielectric properties. [109] 

Beyond these biophysical motivations which specifically led to the projects outlined in 

Chapters 4 and 5 and the more empirical motivations for the project discussed in Chapter 6, a 

major purpose of this paper is to explore the versatility of Atomic Force Microscopy methods 

through presenting three projects that were completed using an Atomic Force Microscope despite 

their significant differences in subject matter and results. 
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CHAPTER 2: Introduction 

2.1 Atomic Force Microscopy 

Atomic Force Microscopy (AFM) is a powerful tool used to investigate topographical, 

mechanical, and electrical properties of cells and nanoscale materials and composites. Several 

techniques based on AFM have been used for non-invasive, high resolution characterization of 

physical properties of composite materials. Examples include measurements of the mechanical 

properties of interphases and transition regions in carbon and glass fiber reinforced 

polymers,[88,89] dielectric properties of SiO2–polymer composites,[90] measurement of 

piezoelectric response of electro-spun nanofibers,[91] and electric charge distribution around 

individual nanoparticles embedded in polymer composites.[92-95] In recent years a growing 

number of studies have used the versatility and high spatial resolution of the AFM to measure 

topographical and biomechanical properties of neuronal cells.[14,21−26] The AFM enables 

researchers to acquire high-resolution topographical images under physiological conditions, to 

precisely manipulate the cells under study by controlling the magnitude and orientation of 

applied forces, and to measure cellular deformations and elastic moduli with very high accuracy. 

The three research projects detailed in this work all utilized the AFM yet accomplished 

significantly different goals due to the extreme versatility of the device. 

2.2 An Overview of Presented Projects 

Two of the three projects discussed in this paper concern broadening the known 

understanding of cortical neurons with an emphasis on developing more robust models that 

describe the mechanical properties of individual cells and the way in which cells grow into a 

complex unit of neurological connections in different environments. Neurons are extremely 

specialized cells principally responsible for transmitting electrical and chemical signals 

throughout the nervous system. They function as the primary unit of the human nervous system. 

During the development of the brain, neurons grow two types of processes (axons and dendrites) 

that extend from the cell body (soma) and connect with other neuronal cells. 

The final project discussed in this paper is a detailed investigation into nanoparticle 

dielectric properties seeking to achieve a better quantitative characterization through the use of 

electrostatic force microscopy. Nanostructured polymers such as polymer blends, colloidal 

spheres and nanoparticle composites with diameters of the order of tens to hundreds of 

nanometers are used in a wide range of applications such as fabrication of photonic bandgap 

crystals and three-dimensional porous materials, [80,81] chemical sensors, [82,83] materials for 

drug delivery, screening, and tissue restoration,[84,85] as well major components of industrial 

products such as coatings, papers, and inks.[81,86] The functional utility of these complex 

systems is determined by their composition, size, and optical, mechanical, and electrical 

properties.[80-87]  
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2.3 Neuron Elastic Modulus 

The structural and mechanical properties of neurons are controlled by the cytoskeleton—

a deformable and dynamic biopolymer network composed of actin fibers, intermediate filaments, 

and microtubules. The cellular cytoskeleton displays structural changes and reorganizations in 

response to external stimuli such as interactions between neurons and their growth substrates, 

mechano-sensing and generation of traction forces during growth, or variations in 

temperature.[1−17,21] High resolution measurements of the neuron mechanical properties (such 

as elastic modulus and deformations under strain) under various external conditions could lead to 

a deeper understanding of the mechanisms that control neuronal growth, the development and 

formation of neural networks, or nerve recovery after injury. 

The AFM has been used to obtain topographical images and to determine the elastic 

modulus for both live and fixed neurons as well as for brain tissues.[21−26] To carry out this 

type of topographical imaging, the AFM employs a small cantilever that resonates at a particular 

frequency. This cantilever is slowly lowered and interacts with the neuron cell body exerting a 

small force which slightly bends the cantilever from which a measurement of the region’s elastic 

modulus, along with other desirable values, can be obtained. Different processes employ 

different cantilever sizes, tip shapes, and resonance frequencies. A schematic of this process is 

depicted below in Fig. 1. Previous reports have shown that neurons are mechanically compliant 

cells with values for elastic moduli in the range 0.2−3 kPa.[14,21−26] Mechanical properties of 

neurons can also be measured during chemical modifications of the cell. These modifications 

include treatment with Taxol (stabilizer of microtubules), Nocodazole (inhibitor of microtubule 

polymerization), and Blebbistatin (inhibitor of myosin II activity).[14,21,26] 

 

 

Figure 1: Schematic of the AFM indentation experiment for (a) spherical AFM tip of radius R and (b) 

conical tip of half-angle α. The cell body is represented as an elongated shape of typical height hcell. Z 

represents the relative vertical scanner position of the cantilever, and δ is the indentation depth 

(deformation of the soma). This is Figure 1 from “Variations of Elastic Modulus and Cell Volume with 

Temperature for Cortical Neurons” published in Langmuir [107] 
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In previous work, Professor Cristian Staii, alongside other collaborators including Elise 

Spedden and Professor David Kaplan, performed combined AFM and fluorescence 

measurements to simultaneously map both the elastic modulus and the cytoskeletal dynamics for 

living neurons over time and under varying external conditions.[14,21,25] The team has 

measured how the elastic modulus of the neuron soma changes during axonal outgrowth and 

have related these variations to changes in the cytoskeleton dynamics. Reversible local stiffening 

of the neuronal cell during growth was discovered, and the work showed that the increase in the 

elastic modulus is primarily due to the aggregation of microtubules at the junction between soma 

and the axon.[14] In a different study they have demonstrated that the mechanical properties of 

living neurons are extremely sensitive to changes in ambient temperature, with neuron elastic 

modulus increasing with decreasing external temperature.[21] They have also used combined 

AFM/fluorescence measurements to correlate temperature-induced variations in the cell elastic 

modulus with dynamic changes in the cell cytoskeleton and demonstrated that the main 

mechanism by which the elasticity of the neurons changes in response to temperature is the 

stiffening of the cytoskeleton induced by molecular motors.[21] They have also demonstrated 

that this temperature-induced shift in the cell elastic modulus is reversible, with the neuron 

recovering the initial values of the elastic modulus upon a repeated sweep of temperatures in the 

range 25−37 °C. In the same reference, they have demonstrated that the variation of elastic 

modulus with temperature is significantly reduced if the activity of myosin II motors is reduced 

via chemical modification of the cell.[21] 

Many of the existing studies of neuron mechanics have been performed at room 

temperature (25 °C) (see refs [21, 23, 26, and 27]) while living cells in vivo normally exist at 

physiological temperatures (close to 37 °C). Changes in cellular mechanical properties in 

response to variations in the ambient temperature, for example, as a result of infections or tissue 

regeneration, have significant implications for cellular function in vivo as well as for the ability 

to control neuronal growth on biomaterial substrates and nerve implants. Variations in cellular 

elastic modulus with temperature have been reported for several cell types.[21,27,28] 

Experimental data show that fibroblasts, breast epithelial cells, neurons, and human bone marrow 

derived mesenchymal stem cells display a significant increase in the elastic modulus with 

decreasing temperature, from physiological conditions to room temperature.[21,28] In contrast, 

alveolar epithelial cells show a distinct decrease in elastic modulus with decreasing 

temperature.[27] Prior to the work discussed in Chapter 4 of this paper, the mechanisms by 

which cells change their elastic modulus in response to variations in temperature were not yet 

elucidated. 

2.4 Neuronal Dynamics 

Axonal growth on surfaces with controlled geometries arises as the result of an interplay 

between deterministic and stochastic components of growth cone motility.[6,8,9,10,51] An 

example of a deterministic influence is the presence of a preferred direction of growth along a 

specific geometric pattern on a substrate (Fig. 2). Examples of stochastic influences are the 
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unpredictable effects of polymerization of cytoskeletal features such as actin filaments and 

microtubules, cell signaling, low concentration biomolecule detection, biochemical reactions 

within the neuron, and the formation of lamellipodia and filopodia.[1,2,13,17] The resultant 

growth cannot be predicted for individual neurons due to this stochastic-deterministic interplay, 

however the defining features of a population of neurons can be modeled by a set of probability 

functions built on a foundation of stochastic differential equations.[6,8,51] One well studied set 

of equations are the Langevin and Fokker-Planck equations, which have been used previously to 

capture the effects of both deterministic and stochastic influences on cellular motion as a form of 

biased random motion.[6-8,51-56] Models based on these equations have been used to 

successfully characterize many aspects of the probabilistic behavior of cell populations, 

including correlation functions of both growth angle and velocity, as well as velocity and 

acceleration distributions, mean square displacements, and cellular diffusion coefficients.[8,51-

56] 

 

Figure 2: Examples of cultured cortical neurons on PDL coated PDMS surfaces with periodic 

micro-patterns. The main structural components of a neuronal cell are labeled in Fig. 1(a). The angular 

coordinate  used in Chapter 5 of this paper is defined in the inset of Fig. 1(b). All angles are measured 

with respect to the x axis, defined as the axis perpendicular to the direction of the PDMS patterns. The 

pattern spatial period is: d =1 µm in Fig. 2(a); d =4 µm in Fig. 2(b); d =6 µm in Fig. 2(c); d =9 µm in 

Fig. 2(d) Images (a-d) are captured 40 hours after neuron plating. This is Figure 1 from “Feedback-

controlled dynamics of neuronal cells on directional surfaces,” submitted to Physics Review E for 

publication. [108] 
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Previous work on this topic has provided a comprehensive picture of axonal growth on 

substrates with different geometrical patterns by measuring speed and acceleration distributions 

as a function of substrate geometry,[9] axonal alignment as a function of time,[10] as well as 

axonal angular distributions, angular drift, and diffusion coefficients.[6,9,10] Previously missing 

from this wealth of knowledge was a detailed model of the growth dynamics on these substrates, 

which incorporates the mechanisms of axonal alignment and cell-surface interactions. The work 

discussed in Chapter 5 resulted in the development of such a model. 

2.5 Dielectric Properties of Nanoparticles 

As previously alluded, the AFM is also capable of electrical analysis by way of using a 

modality known as Electrostatic Force Microscopy (EFM). EFM measures long range 

electrostatic forces between the sample and a conducting voltage-biased AFM tip.[98-100] EFM 

has been used for subsurface imaging of carbon nanotubes dispersed in thin films, [92,95] and to 

characterize dielectric properties of nanocomposites.[99,101] Previous work has used EFM to 

measure dielectric properties of poly(ethylene oxide) (PEO) and doped polyaniline/PEO 

nanofibers,[98,102] and of electro-spun poly(L-lactid) (PLLA) acid nanofibers and fiber-carbon 

nanotube composites.[96] This previous work demonstrated that EFM is able to distinguish 

between the dielectric constants for two different types of nanofibers: nanotube-PLLA 

composites displayed larger dielectric constants compared to neat PLLA fibers.[96] 

It is well understood that the quantitative measurement of the dielectric properties of 

colloidal particles and polymer composites is extremely difficult to be performed at the 

nanoscale.[82,88,90] Most studies that have reported dielectric measurements did not take into 

account the geometry of the nanoparticles, and how this affects their dielectric 

properties.[89,90,99,101] The lack of research into the effects on dielectric properties inspired 

the work discussed in Chapter 6. This work ultimately led to the development of a novel 

technique based on EFM which, together with a simple electrostatic model, allows for the 

measurement of the dielectric constants of individual nonfunctionalized and carboxyl-terminated 

polystyrene nanospheres as a function of sphere diameter. The team discovered that the dielectric 

constant ε for both types of nanospheres decreases with increasing particle diameter D. In the 

limit of large sphere diameters (D > 250 nm) the measured dielectric constants approach the 

value ε = 2.7 reported for polystyrene materials and beads of micron size diameter.[82,93] 

Moreover, the values for the dielectric constant of carboxyl-terminated polystyrene nanospheres 

with small diameters (D < 250 nm) are significantly smaller than the corresponding values 

obtained for non-functionalized polystyrene spheres of similar diameters. These results 

demonstrate that EFM can be used to distinguish between the dielectric properties of nano-

objects of similar size and shape and have significant implications for quantitative measurements 

of nanoparticles and complex core-shell nanocomposite materials. 
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CHAPTER 3: Experimental Methods 

3.1 Cell Culturing 

For the work described in Chapters 4 and 5 of this paper, rodent cortical cells had to be 

obtained and grown in specific conditions in order to carry out the desired AFM imaging and 

further analysis. Rat cortices were obtained from embryonic day 18 rats from the Tufts Medical 

School and cultured according to pre-established protocols. The brain tissue isolation protocol 

was approved by Tufts University Institutional Animal Care and Use Committee and complied 

with the NIH Guide for the Care and Use of Laboratory Animals. 

This approved protocol was published in the supplementary materials of “Variations of 

Elastic Modulus and Cell Volume with Temperature for Cortical Neurons” published in 

Langmuir.[107] 

The isolated cortical tissue was incubated at 37ºC in 5 mL of trypsin for 20 minutes. 

Trypsin was inhibited with 10 mL of neurobasal medium (Life Technologies, Frederick, MD) 

which was supplemented with GlutaMAX, b27 (Life Technologies), pen/strep, and 10 mg of 

soybean trypsin inhibitor (Life Technologies). Mechanical dissociation of the rat cortices was 

performed, the cells were centrifuged, the supernatant was removed, and the cells were 

resuspended in 20 mL of neurobasal medium with L-glutamate (Sigma-Aldrich, St. Louis, MO). 

The neurobasal media was used to support neuronal growth without serum, a technique which 

reduces glial cell proliferation [14, 21]. The cells were mechanically re-dispersed, counted, and 

plated at a density of 250,000 cells per 3.5 cm culture disk for the elastic modulus study. For the 

axonal growth study, the cells were cultured at a surface density of 4,000 cells/cm2. We have 

previously reported that neurons cultured at relatively low densities (in the range 3000 – 7000 

cells/cm2) are optimal for studying axonal growth on various surfaces.[6-10] Each sample of 

cells was grown for a minimum of 2 days before measurements. Immunostaining experiments 

performed on this type of sample indicate cultures of high neuron purity [14,21]. Cell samples 

were cultured on 3.5 cm glass disks manufactured to fit in the Asylum Research Bioheater fluid 

cell (Asylum Research, Santa Barbara, CA). Poly-D-lysine (PDL) (Sigma-Aldrich, St. Louis, 

MO) coating was added to the glass disks by immersing them in a PDL solution (0.1 mg/ml) for 

2 hours at room temperature. The disks were rinsed twice with sterile water, and sterilized using 

254nm, 13.4W ultraviolet light for 30 minutes (the ultraviolet light source was placed at ~0.5m 

from the sample). 

3.2 Cell Preparation – Elastic Modulus 

This section details the methods and processes for preparing cellular samples under 

desired conditions utilized to obtain published results in “Variations of Elastic Modulus and Cell 

Volume with Temperature for Cortical Neurons” in Langmuir.[107] 

Imaging neurons for elastic modulus measurements required fluorescence microscopy 

and chemical modification of the individual cells. This entailed plating cell cultures into 
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specialized chemical environments which allowed for increased contrast in the images. All 

fluorescent measurements during the investigation into modeling neuronal elastic modulus 

variation were performed on the inverted Nikon Eclipse Ti optical stage, integrated with the 

Asylum Research AFM using either the 20X or 40X objectives. 

For microtubule staining, live cortical neurons were rinsed with phosphate buffered saline 

(PBS) and then incubated at 37ºC with 50 nM Tubulin Tracker Green in PBS. After staining, 

each sample was rinsed twice then transferred to the AFM Bioheater chamber where it was 

maintained at fixed temperatures of either 37ºC or 25ºC for the acquisition of bright field and 

fluorescence images (using a standard Fluorescein isothiocyanate -FITC filter: 

excitation/emission of 495 nm/521 nm). 

For F-actin staining, we located optically each set of live cortical cells on the surface. 

Force maps were acquired for two to three cells per cultured substrate at fixed temperatures 

(37ºC or 25ºC). Immediately after the last map was taken, the sample was removed from the 

AFM stage and fixed in 10% formalin and maintained at either 25ºC or 37ºC for 15 minutes. The 

sample was then rinsed with PBS and permeabilized with 0.1% Triton-100 in phosphate-buffered 

saline (PBS) (Life Technologies, Grand Island, NY) for 10 minutes, then incubated at room 

temperature for 20 minutes in 150nM Alexa Fluor® 564 Phalloidin, and finally rinsed with PBS. 

The cells originally mapped via AFM were relocated optically using sample markings and 

imaged fluorescently using a standard Texas Red (excitation/emission of 596/615) filter. 

Taxol treated cells were incubated for 24 hours with 10 μM of paclitaxel (Taxol) in cell 

media then transferred to the AFM Bioheater for temperature-dependent force mapping. Taxol 

stabilizes microtubule dynamics and suppresses the temperature-dependence of microtubule 

flexural rigidity (Fig. 3). Blebbistatin treated cells were initially plated with 10 μM Blebbistatin 

in the cell media and incubated for a minimum of 2 days before measurement. Blebbistatin 

disrupts actin filaments through myosin II inhibition, increasing instability in contractile actin-

myosin interactions within the cell. Myosin II-based formation of contractile F-actin structures 

such as stress fibers is also inhibited by the addition of Blebbistatin (Fig. 4). 
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Figure 3: Examples of AFM elasticity maps obtained for the same neuron soma treated with Taxol, at 

two different temperatures: T=37°C in (a), respectively T=25°C in (b). The scale bars are the same for 

both figures. The data shows a smaller increase in the values of elastic modulus upon the drop in the 

ambient temperature, compared to untreated cells. This is Figure S1 from “Variations of Elastic Modulus 

and Cell Volume with Temperature for Cortical Neurons” published in Langmuir [107] 

 

 

 

Figure 4: Examples of AFM elasticity maps obtained for the same neuron soma treated with Blebbistatin, 

at two different temperatures: T=37°C in (a), respectively T=25°C in (b). The scale bars are the same for 

both figures. The data shows a smaller increase in the values of elastic modulus upon the drop in the 

ambient temperature, compared to untreated cells. This is Figure S2 from “Variations of Elastic Modulus 

and Cell Volume with Temperature for Cortical Neurons” published in Langmuir [107] 
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3.3 AFM Methods – Elastic Modulus 

This section details the microscopy methods and processes utilized to obtain published 

results in “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir.[107] 

Determining the elastic modulus of a cell via AFM typically involves taking force vs. 

indentation curves on the sample. During a force curve the cantilever moves down (towards the 

sample) in the z direction until the cantilever is deflected a set amount (the trigger value), and 

then retracted. Indentation is obtained by subtracting cantilever upward deflection from the 

downward z-motion of the AFM head, and force is obtained from the deflection value by treating 

the cantilever as a spring obeying Hooke’s law. 

The elastic modulus of the sample can be determined by fitting the force vs. indentation 

curve above the contact point with the Hertz model. These force vs. indentation curves can be 

measured on specific locations on a living or fixed sample, or they can be taken in a grid pattern 

across the sample surface. This allows maps of elastic modulus values to be obtained across a 

sample. This technique is sometimes referred to as force-volume mode as these maps also 

contain simultaneous topographical information over the cells. Force vs. indentation curves were 

performed with either spherical or conical AFM tips (Fig. 1). Spherical tips have been used to 

obtain the average elastic modulus of the whole cell soma, while conical tips have been used to 

map cellular elastic modulus with high spatial resolution. To extract the elastic modulus of 

neurons, we have used the Hertz model [14,21,23], as applied to AFM for either spherical or 

conical shaped tips. 

The Hertz model treats the cell as a homogeneous medium with a well-defined boundary. 

For the measurements presented in this project we processed only the force curves from the top 

area of the cells, determined from the AFM height image. Usually, the top of the cell body has a 

well-defined, smooth surface. Based on the height information, all points outside the soma 

(where the tip touches the glass surface) are excluded. The adhesion between the AFM tip and 

the cell surface is considered by determining the contact point for each force vs. indentation 

curve. The elastic modulus of the cell is measured by fitting the force vs. indentation curves 

above the contact point. 

Force maps were performed on an Asylum Research MFP-3D-Bio AFM integrated with 

an inverted Nikon Eclipse Ti optical microscope Each sample was mounted in an Asylum 

Research Bioheater chamber with 1 ml of cell culture medium. The samples were maintained at a 

constant temperature between 25°C and 37°C during each experiment, for a minimum of 15 

minutes before starting each measurement, and no longer than 2.5 hours in total. Previous work 

[14, 21] has demonstrated that the elastic moduli of cortical neurons measured on PDL coated 

glass, within 24-72 hours after culture are close to the values expected in vivo. To verify that all 

the cells to be measured were alive, time lapse videos were taken of each cell set before AFM 

measurements. The average lifetime of a neuronal cell in the AFM Bioheater fluid chamber is 
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approximately 4 hrs, and all AFM and fluorescent measurements were taken within the first 2.5 

hrs of the sample being introduced into the chamber. For measurements of the average elastic 

modulus of the cell we acquired force-volume maps using NP-O10 SiN probes with spherical 

tips, from Bruker Corporation 

Force curves were collected by using the AFM force-volume mode on the somas of live 

cortical neurons at a mapping distance of 2 μm between points using a spherical AFM probe with 

a radius R = 6.5 μm (measured optically via a microscope with a 40x objective, NA 0.6), and 

RMS roughness (Rq) of 16.93±1.13nm (measured using tapping mode AFM), and a calibrated 

spring constant k = 0.12 N/m (measured by using the thermal calibration built in to the MFP3D 

software of the AFM). The average elastic modulus value for the whole soma was determined by 

fitting the force vs. indentation curves with the Hertz model for a spherical tip cantilever (Eq. 1). 

Before measurements were performed on each new sample, the cantilever was calibrated first in 

air and then in the sample medium. To limit energy dissipation due to viscoelastic effects the 

indentation frequency was 0.4 Hz for all measurements. 

𝐹(𝛿) =
4

3

𝐸

1−𝜈2 √𝑅𝛿
3

2  (1) 

Equation 1 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 

To obtain high-resolution maps of elastic modulus we used conical AFM tips, Olympus 

Biolever cantilevers possessing a nominal spring constant of 0.03 N/m and half angle α = 30°. 16 

X 16 µm2 maps of individual force vs. indentation curves were taken on each cell with a 

resolution of 1 µm between points as described previously [14, 21]. 

The elastic modulus values were determined by fitting the acquired force vs. indentation 

curves with the Hertz model for a 30-degree conical indenter (Eq. 2). A typical force point has a 

fitting error of ≤ 20% and the values obtained for the elastic modulus at every point are 

reproducible within this error. Force curves that were obtained over the substrate rather than over 

the cell body were excluded from processing using topographical information obtained during 

mapping, and the remaining data was analyzed for each map using the Asylum Research MFP-

3D software. 

𝐹(𝛿) =
𝐸

1−𝑣2

2 tan(𝛼)

𝜋
𝛿2 (2) 

Equation 2 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 
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Figure 5: Ratio between the values of soma elastic modulus measured at T = 25 °C and at T = 37 °C for 

N = 30 cells: (a) unmodified neurons; (b) neurons treated with Taxol; (c) neurons treated with 

Blebbistatin. The range of elastic moduli for all measurements is 0.8−2.6 kPa. Each data point represents 

the average of five different measurements performed at a given temperature for the same cell. Error bars 

represent the standard error of the mean. This is Figure 2 from “Variations of Elastic Modulus and Cell 

Volume with Temperature for Cortical Neurons” published in Langmuir [107] 

In these equations, F is the applied force, δ the indentation depth, ν, the Poisson ratio, R 

the sphere radius, and E the elastic modulus of the cell. In the case of a conical tip (eq 2), α 

represents the half-angle of the conical indenter. Following previous literature reports[23,26] in 

this project, we used a value of ν = 0.3 for the Poisson ratio (specific choice of this value does 

not influence any particular conclusions discussed in Chapter 4). The average elastic modulus 

value for the whole soma (Figure 5) was determined by fitting the force vs indentation curves 

with the Hertz model for a spherical indenter (eq 1). 

3.4 AFM Methods — Neuronal Dynamics 

This section details the microscopy methods and processes utilized to obtain results in 

“Feedback-controlled dynamics of neuronal cells on directional surfaces,” which has been 

submitted to Physics Review E for publication.[108] 

As stated previously, rodent cortical cells were obtained and cultured by approved 

protocol. These neurons were plated onto micro-patterned polydimethylsiloxane (PDMS) 

substrates coated with poly-D-lysine (PDL) so that their growth dynamics could be effectively 

monitored, analyzed, and modelled. The periodic micropatterns on PDMS surfaces are made of 

parallel ridges separated by troughs. Each surface is characterized by a different value of the 
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pattern spatial period d, defined as the distance between two neighboring ridges (Fig. 6a). To 

make these periodic patterns we used a simple fabrication method based on imprinting 

diffraction grids with different grating constants onto PDMS substrates. The direction of the 

patterns is shown in Fig. 6 by the parallel bright stripes (ridges), and by the parallel dark stripes 

(troughs). 

 

 

Figure 6: (a) Top: Atomic Force Microscope (AFM) topographic image of a PDL coated PDMS 

patterned surface. Bottom: line scan (cross section) along the red line shown in the AFM image. (b) 

Coordinate system and the definition of the angular coordinate θ. The x axis is defined as the axis 

perpendicular to the direction of the PDMS patterns. The directions corresponding to θ = 0, π/2, π, and 

3π/2, and the pattern spatial period d are also shown in Fig. 5(a). The line scan in Fig. 5(a) shows that the 

micropatterns are periodic in the x direction (spatial period d =4 µm) and have a constant depth of 

approximately 0.6 µm. This is Figure 2 from “Feedback-controlled dynamics of neuronal cells on 

directional surfaces,” submitted to Physics Review E for publication. [108] 

 

As with the elastic modulus project, fluorescence was used on the samples to increase 

visibility and contrast of the individual neurons to assist with later analysis. The cortical neurons 

cultured on glass or PDMS surfaces were rinsed with PBS and then incubated for 30 minutes at 

37ºC with 50 nM Tubulin Tracker Green in PBS. The samples were then rinsed twice with PBS 

and re-immersed in PBS solution for imaging. Fluorescence images were acquired using a 

standard Fluorescein isothiocyanate -FITC filter: excitation of 495 nm and emission 521 nm. 

Axon outgrowth was tracked using ImageJ, an opensource National Institute of Health image 

analysis software. To obtain angular distributions of axonal growth (Figures 22, 23, and 24 in 

Chapter 5), all axons were tracked and then partitioned into segments of 20 μm in length. We 

then recorded the angle that each segment makes with the x axis (Fig. 6), and the results were 
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plotted as angular histograms (see Figures 22, 23, and 24 in Chapter 5). All surfaces were 

imaged using the same MFP3D AFM that was used in the elastic modulus modelling project. 

The AFM topographical images of the surfaces were obtained using the AC mode of operation, 

and AC 160TS cantilevers. Surfaces were imaged both before and after neuronal culture, and no 

significant change in topography was observed. 

Growth cone position, axonal length, and angular distributions were measured and 

quantified using ImageJ. The displacement of the growth cone was obtained by measuring the 

change in the center of the growth cone position. To measure the growth cone velocities the 

samples were imaged every Δt = 5 min for a total period of 1 hour per sample. The 5-minute time 

interval between measurements was chosen such that the typical displacement 𝛥𝐿⃗  of the growth 

cone in this interval satisfies two requirements: a) is larger than the experimental precision of our 

measurement (~ 0.1 µm);[8,9] b) the ratio 𝛥𝐿⃗ /𝛥𝑡 accurately approximates the instantaneous 

velocity 𝑉⃗  of the growth cone. The speed of the growth cone is defined as the magnitude of the 

velocity vector: 𝑉(𝑡) = |𝑉⃗ (𝑡)|, and the growth angle θ(t) is measured with respect to the x axis 

(growth angle and the x axis are defined in Fig. 6). 

Speed distributions had to be obtained via a slightly different method from angle and 

length distributions. The range of growth cone speeds at each time point was divided into 15 

intervals of equal size |𝛥𝑉⃗ 0|. Our experimental data (Fig. 2) showed that over a distance of ~20 

µm, the axons can be decently approximated as straight line segments with high accuracy. 

Therefore, to obtain the angular distributions for the growth angle θ (see Fig. 22a and b, Fig. 23a 

and b, and Fig. 24b and c in Chapter 5), we tracked all axons using ImageJ and then partitioned 

them into segments of 20 μm in length, following the same procedure outlined in our previous 

work.[9,10] Next, we recorded the angle that each segment makes with the x axis (schematic 

shown in Fig. 5). The total range {0, 2π} of growth angles was divided into 18 intervals of equal 

size ∆𝜃0 = 𝜋/9 (see Fig. 22a and b, Fig. 23a and b, and Fig. 24b and c in Chapter 5). 

Experimentally, the average for the absolute value of sin θ for each type of surface is obtained 

according to Equation 3, where N is the total number of axonal segments of 20 μm in length, 

measured on a given type of surface, and θi represents the angle that ith segment makes with the x 

axis. 

< |sin 𝜃| > =  
1

𝑁
∙ ∑ (|sin 𝜃𝑖|)

𝑁
𝑖=1   (3) 

Equation 1 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” which has 

been submitted to Physics Review E for publication. [108] 
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3.5 Microscopy and Sample Preparation — Nanoparticles Dielectric Properties 

This section details the microscopy methods and processes utilized to obtain results in 

“Quantitative Characterization of Dielectric Properties of Nanoparticles using Electrostatic Force 

Microscopy,” which has been published in AIP Advances.[109] 

Non-functionalized Polystyrene (PS) and carboxylated - PS nanospheres (Alpha 

Nanotech) with diameters ranging from tens to hundreds of nm have been spin coated on SiO2 

substrates as described in the supplementary material. AFM measurements show that the two 

types of nanospheres have similar diameter distributions (Fig. 7). Both types of PS nanospheres 

have been deposited on SiO2 substrates via spin coating at 2000 rpm for 60 sec, following the 

manufacturer specifications. Figure 7 shows the distribution of diameters for the PS beads 

measured with the AFM. An example of AFM image for non-functionalized PS nanospheres is 

shown in Figure 30a in Chapter 6. Figure 30b, Figure 31 and Figure 32 (found in Chapter 6) 

show examples of EFM images obtained for different PS/SiO2 samples. 

 

Figure 7: Distribution of diameters for: (a) non-functionalized, and (b) carboxyl-terminated polystyrene 

beads. The diameter for each individual nanoparticle has been measured with the AFM. This is Figure S1 

from the supplementary material published with “Quantitative Characterization of Dielectric Properties of 

Nanoparticles using Electrostatic Force Microscopy” in AIP Advances. [109] 

 

As mentioned in Chapter 1 and alluded to in the title of the referenced published 

work,[109] this particular project studying the dielectric properties of nanoparticles utilized the 

electrostatic force microscopy (EFM) modality of the AFM. Electrostatic Force Microscopy 

(EFM) is a double-scan AFM technique, in which the AFM-tip passes twice over each image 

line.[98] During the first line scan the surface topography is acquired using the AFM tapping 

mode. During the second line scan the AFM cantilever is lifted at a preset height (definable by 

the user) above the sample, driven at its resonant oscillation frequency (ω0 ≈ 75 kHz, in our 

experiments), and excited electrically by applying a fixed dc voltage Vtip (Figure 8). The 
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cantilever is electrically connected to a conductive substrate (referred to as “Ground” in Fig. 8), 

thus creating a capacitor. The interaction between the voltage-biased AFM tip and the sample is 

a combination of capacitive forces due to surface potential and dielectric screening, and 

Coulomb forces between surface static charges and their image charges on the tip.[92,98-100] 

The cantilever oscillation frequency and the oscillation phase change due to these electrostatic 

interactions between the AFM-tip and the sample. In our experiments we record the phase of the 

cantilever oscillation as a function of the tip position (See Figure 30b in Chapter 6). 

  

Figure 8: Schematic representation of the EFM measurements. The conducting AFM cantilever is 

electrically biased at a fixed dc voltage Vtip, and connected to the conducting ground substrate, creating a 

capacitor configuration. The sample (non-functionalized or carboxyl-terminated polystyrene bead) is 

represented as a sphere of diameter D placed on a dielectric SiO2 substrate of constant thickness of 400 

nm. The AFM-tip is represented as a cone with half angle θ, and the apex represented as a spherical cap 

of radius R. The electrical properties of the samples are represented by their dielectric constant ε. The 

height h represents the separation distance between the tip and the sample. In our experiments h is varied 

in the range 10 - 500 nm. This is Figure 1a from “Quantitative Characterization of Dielectric Properties of 

Nanoparticles using Electrostatic Force Microscopy” published in AIP Advances. [109] 

 

3.6 Electrostatic force microscopy measurements 

AFM topographical imaging and EFM measurements were collected using an Asylum 

Research MFP3D AFM, integrated with an inverted Nikon Eclipse Ti optical microscope.  All 

measurements were taken using Olympus Ti/Pt coated cantilevers with a calibrated spring 

constant of k = (2 ± 1) N/m, tip half angle θ = 30°, resonant oscillation frequency ω0 = (75 ± 4) 

KH, and tip radius of curvature R= (30 ± 10) nm (Figure 8). The spring constant was measured 

for 10 different cantilevers using the thermal noise calibration method,[100,104] and the resonant 

frequency ω0 and quality factor Q of the cantilever was measured using the auto-tune function of 

the MFP3D AFM software.[104] The tip-sample separation h is determined from the known 

values of the interleave scan height z (given by the “Nap” mode of the MFP3D) and the tip-

distance z0 at the set-point amplitude, which is determined from the topographic 

scan.[98,100,104] 
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CHAPTER 4: Modelling the Temperature Dependence of Neuronal Elastic Modulus 

This chapter details the final data and results of “Variations of Elastic Modulus and Cell 

Volume with Temperature for Cortical Neurons” as published in Langmuir.[107] 

4.1 Variation of the Soma Elastic Modulus with Temperature 

To measure the overall elastic modulus of the neuronal cell body, we have performed 

force vs indentation measurements using spherical AFM tips (Figure 1a). Measurements were 

performed at two different temperatures for each cell: first at physiological conditions (T = 37 

°C) and then at room temperature (T = 25 °C), which is often the default condition used when 

measuring mechanical properties of cells. The elastic modulus for neuronal soma was extracted 

by fitting each AFM indentation curve with the Hertz model for a spherical indenter (eq 1), as 

described in the data analysis section. For each cell we take a total of N = 5 force vs indentation 

curves at a given temperature and calculate the average elastic modulus over these 

measurements. Figure 5a shows the ratio between the average elastic modulus for individual, 

chemically unmodified neurons measured at T = 25°C and T = 37 °C (for a total of N = 30 cells). 

The data show a clear increase in the values of the soma elastic modulus upon a decrease in 

temperature from T = 37 °C to T = 25 °C. The average increase in elastic modulus over all the 

measurements (N = 30 cells) is E(25 °C)/E(37 °C) = 2.1 ± 0.3. 

Next, we perform similar experiments on neurons treated with chemical compounds that 

are known to have an inhibitory effect on the cytoskeleton dynamics. Similar to the case of 

untreated cells, all measurements for modified neurons are performed first under physiological 

conditions (T = 37 °C) and then at room temperature (T = 25 °C). Figure 5b shows the ratio E(25 

°C)/E(37 °C) between the elastic moduli measured respectively at T = 25 °C and T = 37 °C for a 

total of N = 30 neurons treated with 10 μM Taxol, a drug known to inhibit microtubule 

dynamics.[1,2,13,14,21] The data show a significant decrease in the ratio between the average 

elastic moduli measured at different temperatures, E(25 °C)/E(37°C) = 1.3 ± 0.2, compared to 

the unmodified neurons. A similar effect is observed for neurons treated with 10 μM Blebbistatin 

(N = 30 cells), a well-known inhibitor of myosin II activity.[1,2,13,14,21] The ratio between the 

corresponding values for the elastic moduli measured at different temperatures is shown in 

Figure 5c. The variation of the elastic modulus with temperature for these cells is significantly 

reduced to the overall average value: E(25 °C)/E(37 °C) = 1.1 ± 0.2. 

The data shown in Figure 5 demonstrate that (a) there is a significant increase in the 

elastic modulus of the soma caused by a decrease in the ambient temperature from T = 37°C to   

T = 25°C and (b) the temperature-induced effect is greatly reduced when the cytoskeleton 

dynamics is inhibited with either Taxol (microtubule stabilizer) or Blebbistatin (disruption of 

actin dynamics through inhibition of myosin II). 
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4.2 Combined Elasticity and Fluorescence Measurements 

 

Figure 9: Examples of fluorescence and elasticity map images obtained at T = 37 °C for the same 

neuronal cell. (a) Fluorescence image of the neuron stained for tubulin. Regions of high microtubule 

density correspond to the bright green areas. (b) Fluorescence image of the same neuron stained for actin. 

Regions of high actin density correspond to the bright red areas. (c) Elasticity map for the cell shown in 

(a) and (b). Higher than average values of the elastic modulus correlate with the soma regions that display 

high concentrations of microtubule (a) or actin (b). (d) Brightfield optical image of the cell shown in 

(a−c). The scale bar shown in (a) is the same for images (b) and (d). This is Figure 3 from “Variations of 

Elastic Modulus and Cell Volume with Temperature for Cortical Neurons” published in Langmuir [107] 

 

To further investigate the observed dependence of the neuron elastic modulus on 

temperature, we have acquired high-resolution AFM elasticity maps of neuronal soma combined 

with fluorescence images of the same cells. All measurements are performed at physiological (T 

= 37 °C) and room (T = 25 °C) temperatures. The elasticity maps have been obtained as 

described in Chapter 3 using AFM cantilevers with conical tips. The values for the elastic 

modulus were determined by using the Hertz model for conical indenters (eq 2). 

Figure 9 shows an example of this type of experiment for a single neuron measured at 37 

°C. Figure 9a shows a fluorescent image of the cell stained for microtubule concentration (see 

Chapter 3). The regions of high microtubule concentration correspond to the regions of high 

fluorescence intensity (bright green), mainly along the top and left side of the cell, as well as 

close to the neurite junction. Figure 9b shows a fluorescent image of the same cell stained for 

actin (see Chapter 3). The regions of high actin concentration correspond to the regions of high 
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fluorescence intensity (bright red), mainly along the left side and the bottom of the cell. Figure 

9c displays the AFM acquired elasticity map for the soma of the same cell, and Figure 9d shows 

an optical image of the neuron. The images show a high degree of overlap between the regions of 

the cell displaying high concentrations of microtubules and/or actin and the regions with high 

values of elastic modulus E ≥ 1 kPa, corresponding to bright colored areas of the elasticity map. 

Control experiments (Figures 10 and 11) show that fluorescence staining for actin does not 

change the elastic modulus of the cell. 

 

 

Figure 10: AFM elasticity maps measured at T=37°C for the same neuron soma before (a) and after (b) 

staining for actin. The scale bars are the same for both figures. (c) Histogram of elastic modulus for the 

elasticity map shown in (a). (d) Histogram of elastic modulus for the elasticity map shown in (b). The two 

maps display similar ranges for E. The average elastic modulus between the two maps differs by 5%. The 

data demonstrates that staining for actin does not change the elastic modulus of the cell. This is Figure S6 

from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical Neurons” published 

in Langmuir [107] 
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Figure 11: AFM elasticity maps measured at T=25°C for the same neuron soma before (a) and after (b) 

staining for actin. The scale bars are the same for both figures. (c) Histogram of elastic modulus for the 

elasticity map shown in (a). (d) Histogram of elastic modulus for the elasticity map shown in (b). The two 

maps display similar ranges for E. The average elastic modulus between the two maps differs by 7%. The 

data demonstrates that staining for actin does not change the elastic modulus of the cell. The histograms 

in both (c) and (d) display a shift towards higher values of E compared to the corresponding histograms 

shown in Figure 10 (measured for a different cell at T=37°C). This is consistent with the observed effect 

of decrease in E upon increase in temperature, as discussed in the main text. This is Figure S7 from 

“Variations of Elastic Modulus and Cell Volume with Temperature for Cortical Neurons” published in 

Langmuir [107] 

 

Figure 12 shows a similar example for a different cell measured at 25 °C. Figure 12a 

shows the fluorescence image of the neuron stained for microtubule, Figure 12b shows the 

fluorescence image of the same cell stained for actin, and Figure 12c displays the elasticity map 

for the soma, whereas Figure 12d displays the optical image of the cell. We note that the high 

degree of overlap between the areas of high microtubule/actin concentration and large elastic 

modulus (E ≥ 1 kPa) observed at 37 °C is also shown by the data taken at 25 °C. 

An analysis of similar data collected for N = 30 cells, and for different temperatures in 

the range 25−37 °C, shows that the overall overlap between regions of the soma with higher-

than-average elastic modulus (E ≥ 1 Pa) and regions with high microtubule/actin concentration is 

in the range 75−100% (with a median value of 94%). This result demonstrates that the regions of 
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the cell soma with E ≥ 1 Pa are associated with the two main components of the cytoskeleton 

(actin and microtubules). We will show below that it is these regions of the soma, which are 

responsible for the overall increase in the elastic modulus with decreasing temperature. 

 

Figure 12: Examples of fluorescence and elasticity map images obtained at T = 25 °C for the same 

neuronal cell. (a) Fluorescence image of the neuronal cell stained for tubulin. Regions of high 

microtubule density correspond to the bright green areas. (b) Fluorescence image of the same neuron 

stained for actin. Regions of high actin density correspond to the bright red areas. (c) Elasticity map of the 

cell shown in (a) and (b). Higher than average values of the elastic modulus correlate with the soma 

regions that display high concentrations of microtubule (a) or actin (b). (d) Bright-field optical image of 

the cell shown in (a−c). The scale bar shown in (a) is the same for images (b) and (d). This is Figure 4 

from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical Neurons” published 

in Langmuir [107] 

4.3 Change in Elasticity Maps with Temperature 

Figure 13 shows an example of high-resolution AFM elasticity maps for the same 

neuronal soma, measured at two different temperatures: T = 37 °C (Figure 13a) and T = 25 °C 

(Figure 13b). The data in Figure 13 demonstrate a net shift of the distribution of elastic modulus 

E toward higher values upon the change in the ambient temperature from T = 37 °C to T = 25 °C. 

To examine this shift quantitatively, we separate the distribution of E obtained for each 

individual cell into two separate sets. The first set, henceforth termed the high E values, contains 

all points of the elasticity map (measured at a given temperature) for which E ≥ 1 kPa. The 

second set, henceforth termed low E values, contains all points of the elasticity map (measured at 
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a given temperature) for which E < 1 kPa. The corresponding average values ⟨E⟩ for each data 

set are plotted in Figure 14, for a total number of N = 30 cells. 

 

 

Figure 13: Examples of AFM elasticity maps obtained for the same neuron soma at two different 

temperatures: T = 37 °C in (a) and T = 25 °C in (b). The scale bar for elastic modulus is the same for both 

figures. The data show a net increase in the values of elastic modulus upon the drop in the ambient 

temperature. This is Figure 5 from “Variations of Elastic Modulus and Cell Volume with Temperature for 

Cortical Neurons” published in Langmuir [107] 

 

 

Figure 14: Average values ⟨E⟩ of the elastic modulus obtained from elasticity maps, plotted for each 

individual neuron (total of N = 30 cells). (a) Average values calculated for the set of high E values (E ≥ 1 

kPa) of elasticity maps, measured at T = 37 °C (red data points) and at T = 25 °C (blue data points). The 

data show a net increase in the average value of elastic moduli for this data set upon the drop in ambient 

temperature. (b) Average values calculated for the set of low E values (E < 1 kPa) of elasticity maps, 

measured at T = 37 °C (red data points) and at T = 25 °C (blue data points). The data show no significant 

variation of ⟨E⟩ with temperature for this data set. Error bars in both figures represent the standard error 

of the mean. This is Figure 6 from “Variations of Elastic Modulus and Cell Volume with Temperature for 

Cortical Neurons” published in Langmuir [107] 
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Figure 15: Elasticity maps measured for the same cell through a sweep of temperatures: (a) T = 25 °C, 

(b) T = 29 °C, (c) T = 33 °C, and (d) T = 37 °C. The scale bar in (a) is the same for all images. This is 

Figure 7 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical Neurons” 

published in Langmuir [107] 

 

 

Figure 16: (a) Variation with temperature of the average values ⟨E⟩ of the elastic modulus obtained from 

elasticity maps in Figure 15. Black circles represent the average values ⟨E⟩ calculated for the set of high E 

values (E ≥ 1 kPa) of elasticity maps, whereas green triangles represent the average values ⟨E⟩ calculated 

for the set of low E values (E < 1 kPa) of elasticity maps. (b) Variation with temperature of the bulk 

elastic modulus E measured for the same neuron as in (a). Each data point in (b) represents the average of 

five different measurements performed at a given temperature. Error bars in (a−c) are the standard error 

of the mean. The data shows a net decrease with temperature for both the value of E for the whole cell 

and the values of ⟨E⟩ for the set of high E values. There is no significant variation of ⟨E⟩ with temperature 

for the data set of low E values of the elasticity maps. This is Figure 8 from “Variations of Elastic 

Modulus and Cell Volume with Temperature for Cortical Neurons” published in Langmuir [107] 



26 
 

Figure 14a shows the average values ⟨E⟩ of the elastic modulus for the set of high E 

values (E ≥ 1 kPa) obtained for each individual cell. The blue data points represent the average 

values obtained from the elasticity maps measured at T = 25 °C, and the red data points are the 

corresponding values obtained from elasticity maps measured at T = 37 °C. The data show a 

significant increase in the average value of the elastic modulus upon the decrease in temperature 

from T = 37 °C to T = 25 °C. The average increase in elastic modulus over all the measurements 

(N = 30 cells) is ⟨E(25 °C)⟩/⟨E(37 °C)⟩ = 1.9 ± 0.4, consistent with the increase in the value of 

the bulk elastic modulus of the soma measured by compressing the cell with the spherical AFM 

tip (Figure 5a and section 4.1). 

Figure 14b displays the average values of the elastic modulus for the set of low E values 

(E < 1 kPa) obtained for each individual cell. The blue data points are obtained from the 

measurements performed at T = 25 °C, whereas the red data points are obtained from the 

measurements performed at T = 37 °C. In contrast to the set of high E values, there is no 

significant variation in the values of ⟨E⟩ with temperature, for map points for which E < 1 kPa. 

To gain further insight into the observed variation of mechanical properties with 

temperature, we have acquired elasticity maps (using conical tips) and measured the bulk elastic 

modulus of the same cell (using spherical tips) through a sweep of temperatures: T = 25°C → 

29°C → 33°C → 37°C. 

Figure 15 shows examples of the corresponding elasticity maps measured at each 

temperature for the same neuronal cell. In Figure 16a, we plot the variation with temperature of 

average values of elastic moduli ⟨E⟩ obtained from the elasticity maps in Figure 15 for the set of 

high E values (black circles) as well as for the set of low E values (green triangles). Figure 16b 

displays the corresponding variation with temperature of the bulk elastic modulus E measured 

for the same neuron, as in Figures 15 and 16a. Similar data (acquired for N = 10 cells) clearly 

shows that (a) bulk elastic modulus E and average ⟨E⟩ for high E values have a similar variation 

with temperature following a power law and (b) there is no significant temperature dependence 

for the points belonging to the low E values of the data set. 

We have also acquired elastic modulus maps for neurons treated with Taxol (Figure 3) 

and Blebbistatin (Figure 4) and have performed a data analysis similar to the case of untreated 

cells. The experimental data shows a significantly reduced variation with temperature of the 

average elastic modulus ⟨E⟩ obtained for the high E values set for the cells treated with Taxol 

(Figure 17a). There is no measurable variation of ⟨E⟩ with T for the set of low E values for cells 

treated with Taxol (Figure 17b). Furthermore, there is no significant temperature dependence of 

the average elastic modulus for both data sets in the case of neurons treated with Blebbistatin 

(Figure 18). Thus, the experiments performed on neurons treated with either Taxol or 

Blebbistatin demonstrate that the temperature-induced effect is significantly reduced if the 

cytoskeleton dynamics is inhibited by these chemical compounds. 
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Figure 17: Average values ⟨E⟩ of the elastic modulus obtained from elasticity maps, plotted for each 

individual neuron treated with Taxol (total of N = 15 cells). (a) Average values calculated for the set of 

high E values (E ≥ 1 kPa) of elasticity maps, measured at T = 37°C (red data points), respectively at T = 

25°C (blue data points). The data shows a small increase in the average value of elastic moduli for this 

data set upon the drop in ambient temperature: ⟨E(25°C) ⟩ / ⟨E(37°C) ⟩= 1.2 ± 0.3. This represents a much 

smaller variation compared to untreated cells: ⟨E(25°C) ⟩ / ⟨E(37°C) ⟩= 1.9 ± 0.4, shown in Figure 14a. 

(b) Average values calculated for the set of low E values (E < 1 kPa) of elasticity maps, measured at T = 

37°C (red data points), respectively at T = 25°C (blue data points) for neurons treated with Taxol. The 

data shows no significant variation of ⟨E⟩ with temperature for this data set. Error bars in both figures 

represent the standard error of the mean. This is Figure S3 from “Variations of Elastic Modulus and Cell 

Volume with Temperature for Cortical Neurons” published in Langmuir [107] 

 

 

Figure 18: Average values ⟨E⟩ of the elastic modulus obtained from elasticity maps, plotted for each 

individual neuron treated with Blebbistatin (total of N = 15 cells). (a) Average values calculated for the 

set of high E values (E ≥ 1 kPa) of elasticity maps, measured at T = 37°C (red data points), respectively at 

T = 25°C (blue data points). (b) Average values calculated for the set of low E values (E < 1 kPa) of 

elasticity maps, measured at T = 37°C (red data points), respectively at T = 25°C (blue data points) for 

neurons treated with Taxol. The data in (a) and (b) shows no significant variation of ⟨E⟩ with temperature 

for neurons treated with Blebbistatin. Error bars in both figures represent the standard error of the mean. 

This is Figure S4 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 
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Figure 19: (a) Example of a three-dimensional topographical image of a cortical neuron soma obtained in 

force volume mode of the AFM. The color map displays the elasticity map, whereas the topographical 

information is used to calculate the cell volume. (b) Variation of the cell volume with temperature, 

measured for the neuron shown in (a). The error bars in the plot represent the uncertainties in the soma 

volume obtained from the AFM image. The data show an increase in the soma volume by an overall 

factor of 1.3 during the temperature sweep from 25 to 37 °C. This is Figure 9 from “Variations of Elastic 

Modulus and Cell Volume with Temperature for Cortical Neurons” published in Langmuir [107] 

 

4.4 Variation of the Soma Volume with Temperature 

Recent work has shown that cells could alter their volume in response to external stimuli 

such as substrate stiffness or changes in the external osmotic pressure.[29,30] Here we exploit 

the high-resolution imaging capability of the AFM in the force volume mode to measure the 

soma volume at different temperatures. The force volume maps used for measuring the elastic 

modulus (e.g., Figures 13 and 15) also contain topographical information about the cell (height 

and area) at each indentation point. To minimize tip−cell interactions, we perform these 

experiments close to the zero-force contact points [23,31] and thus can extract accurate 

measurements of the soma volume at different temperatures. Figure 19a displays an example of 

the neuron soma volume measured at T = 25 °C. Figure 19b shows the variation of soma volume 

upon increasing the temperature from 25 to 37 °C for the same neuronal cell shown in Figures 15 

and 16. The data show that the soma volume is increasing with temperature by a factor of 1.3 

during the temperature sweep. 

 

4.5 Theoretical Model for the Temperature-Induced Variations of the Soma Volume and 

Elastic Modulus 

One common approach used to model the elastic properties of cells is to consider the 

cytoskeleton as a semiflexible network of cross-linked polymers.[32−35] In these networks the 

biopolymer filaments (actin, microtubules, etc.) associate into bundles due to the action of 

molecular motors, such as myosin II and many other types of actin binding proteins, kinesins, 

microtubule associated proteins, and so on. The elastic modulus of such a network depends on 
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the length, bending rigidity, and cross-linking properties of the filaments that form the network 

as well as on the concentration of the corresponding molecular motors. It has been shown that 

the elastic modulus for a densely cross-linked network is given by:[32] 

𝐸 ≈
𝑘2

𝐾𝐵𝑇
𝜉−2𝐿−3  (4) 

Equation 3 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 

where k is the bending modulus, KBT the thermal energy at temperature T, ξ the characteristic 

network mesh size, and L is the typical distance between cross-links. We use this general result 

to propose a simple model that explains the observed experimental dependence of the soma 

volume and elastic modulus with temperature. We make the hypothesis that in the crowded 

environment inside the neuron soma the number of cross-links between the actin (or 

microtubule) filaments is proportional to the concentration c of molecular motors responsible for 

the bundling. The assumption is justified by the fact that higher concentration of molecular 

motors leads to more cross-linking and hence to higher concentration of bundled filaments.[36] 

For a densely crossed-linked network we then have that:[32] 

𝐿 ≈ 𝜉 ≈
1

√𝑎𝑐
  (5) 

Equation 4 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 

where a is the characteristic size of the filament. 

Under these assumptions, equations 4 and 5 predict the following dependence between 

the soma elastic modulus E and the concentration of molecular motors c: 

𝐸 ≈
𝑘2𝑎

5
2

𝐾𝐵𝑇
𝑐
5

2⁄   (6) 

Equation 5 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 

We note that in the temperature range probed by our experiments (25−37 °C) the bending 

modulus k, thermal energy KBT, and the filament size a do not vary significantly with 

temperature.[36] Furthermore, the number of molecular motors follows an Arrhenius-type 

(exponential) dependence on thermal energy[36,37] and therefore is approximately constant in 

the small temperature range 25−37 °C. However, as shown by our experiments the volume V of 

the soma does change, which leads to a change in the concentration of molecular motors c ∼ 1/V. 

Using the above observations and eq 6, we find the following dependence of cellular elastic 

modulus E on the soma volume V: 
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𝐸~𝑉−2.5  (7) 

Equation 6 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 

The simple scaling relation between E and V given by eq 7 was obtained under very 

general assumptions, and it does explain the experimentally measured temperature dependence 

of elastic modulus and soma volume for cortical neurons. First, the data in Figure 19b show a net 

increase in the soma volume by a factor of 1.3 upon changing temperature from 25 to 37 °C. 

Equation 7 then predicts the following ratio for the soma elastic moduli at the two temperatures: 

𝐸(25°C)

𝐸(37°C)
= (

𝑉(37°C)

𝑉(25°C)
)
2.5

≈ (1.3)2.5 ≈ 2  (8) 

Equation 7 from “Variations of Elastic Modulus and Cell Volume with Temperature for Cortical 

Neurons” published in Langmuir [107] 

This prediction is in very good agreement with the experimentally measured ratio between the 

elastic moduli obtained at 25 and 37 °C (average increase E(25 °C)/E(37°C) = 2.1 ± 0.3; see 

section 4.1 and Figure 5a). 

Second, using the data in Figures 16b and 19b, we can plot the values of the soma elastic 

modulus as a function of volume, which are independently measured during the temperature 

sweep: T = 25 °C → 29 °C → 33 °C → 37 °C. The resulting graph of E vs V is shown in Figure 

20a. In this figure the black squares represent the data points, and the dotted blue curve 

represents the fit to the data with a power law. The best fit of the data gives a power law 

dependence E ∼ V − 2.2 ± 0.5, which is in very good agreement with the simple model given by 

equations 6 and 7. 

We also perform a similar analysis for the variation with the soma volume of the average 

elastic modulus ⟨E⟩ obtained from the AFM elasticity maps (Figure 20b). The data show that the 

average values ⟨E⟩ calculated for the set of high E values (E ≥ 1 kPa) of elasticity maps display a 

power law dependence on the volume: ⟨E⟩ ∼ V − 2.4 ± 0.5 (blue dotted curve). This result is 

consistent with both our theoretical model (eq 7) and the data for the overall E vs V dependence 

shown in Figure 20a. Our simple model assumes a homogeneous polymer network, while the cell 

is clearly an inhomogeneous environment (Figures 9, 12, 13, and 15). Thus, the model describes 

the average behavior of the cytoskeletal network and does not consider inhomogeneities or 

boundary effects. More sophisticated models that take into account these effects exist in the 

literature (for example, refs [62−64]). However, we note that it is unlikely that these models will 

change the overall dependence E and V since the cell elasticity is dominated by the high values 

for E, which are the ones responsible for the observed variation. 
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Figure 20: (a) Variation of the overall elastic modulus with soma volume for a neuronal cell. Black 

squares represent data points obtained from experiments, whereas the blue dotted line shows the best fit 

with a power law: E ∼ V − 2.2 ± 0.5 (see text). The error bars in E are standard error of the mean (N = 5 

measurements at each temperature). The error bars in V represent the uncertainties in the soma volume 

obtained from the AFM image (see Figure 19). (b) Variation of the average values ⟨E⟩ of the elastic 

modulus obtained from elasticity maps with soma volume. Black circles represent the average values ⟨E⟩ 

calculated for the set of high E values (E ≥ 1 kPa) of elasticity maps, whereas green triangles represent the 

average values ⟨E⟩ calculated for the set of low E values (E < 1 kPa) of elasticity maps. The error bars in 

⟨E⟩ are standard error of the mean, whereas the error bars in V are the same as in (a). The blue dotted 

curve shows the best fit with a power law ⟨E⟩ ∼ V − 2.4 ± 0.5 for the set of high E values. This is similar to 

the behavior of the overall elastic modulus shown in (a). There is no significant variation of ⟨E⟩ with V for 

the data set of low E values of the elasticity maps (green triangles). This is Figure 10 from “Variations of 

Elastic Modulus and Cell Volume with Temperature for Cortical Neurons” published in Langmuir [107] 

 

 

Figure 21: Variation of the cell volume with temperature, measured for: (a) a neuron treated with Taxol, 

and (b) a neuron treated with Blebbistatin. The error bars in the figures represent the uncertainties in the 

soma volume obtained from the AFM image. The data shows no significant variation of the cell volume 

during the temperature sweep from 25°C to 37°C. This is Figure S5 from “Variations of Elastic Modulus 

and Cell Volume with Temperature for Cortical Neurons” published in Langmuir [107] 
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Finally, our model assumes that the temperature-induced variations in E and V are 

controlled by the molecular motors. This is indeed confirmed by the measurements performed on 

cortical neurons treated with Blebbistatin and Taxol (Figure 5b and c and Figures 3, 4, 17, 18, 

and 21). These experiments demonstrate that the temperature-induced variations in elasticity 

maps and soma volume are greatly reduced if the cytoskeletal dynamics are inhibited. 

The cellular cytoskeleton is a complex biopolymer network, which assembles several 

types of filaments (actin, intermediate filaments, and microtubules) to guide intracellular 

transport, control cellular motility, and regulate cellular shape and mechanical stability.[36] 

Many types of molecular motors crosslink filaments, regulate filament length, apply forces, and 

control mechanical stresses within the cytoskeleton. For example, contractile stresses emerging 

from interactions between myosin II motors and actin filaments play an important role in the 

stiffening of the cytoskeleton.[34−36] In addition, cells change their mechanical properties in 

response to external stimuli such as stiffness of the local microenvironment, temperature, and 

geometrical features of the growth substrate. Cell volume also changes during cellular processes 

such as cell division, growth, or migration.[38,39] Previous work has shown that cells could 

change volume on relatively short time scales due to variation in osmotic pressure[30] or 

changes in the stiffness of the growth substrate.[29] For example, Ming and collaborators have 

reported a robust relationship between cell stiffness and volume for different types of cell 

lines.[29] They have shown that upon increase in the substrate stiffness the volume of the cell 

decreases, which leads to an increase in the cell elastic modulus. These authors have also found 

that both the soma shear modulus and the elastic modulus exhibit a similar functional 

dependence on the volume V, given by a power law:[29] E ∼ V−2. 

In this project, we use combined AFM force mapping and fluorescence microscopy to 

investigate the relationship between external temperature, soma volume, and elastic modulus for 

cortical neurons. The AFM force measurements show a net decrease (by a factor of ∼2) in the 

overall soma elastic modulus upon an increase in temperature from 25°C to 37°C for untreated 

neurons (Figure 5a). During the same temperature sweep the volume of the soma increases by a 

factor of 1.3. The experimentally measured relationship between the soma elastic modulus and 

volume during this variation in temperature is shown in Figure 20a. Our experiments also 

demonstrate that variations in both the volume and the elastic modulus are controlled by 

molecular motors. The overall change in the measured values for these parameters is highly 

reduced if the neurons are treated with Taxol (a chemical compound that inhibits microtubule 

dynamics) and Blebbistatin (a chemical compound that inhibits myosin II activity), as shown in 

Figure 5a and b and Figures 3, 4, 17, 18, and 21, respectively. 

To account for the observed temperature-induced variations, we propose a simple model 

based on general elastic properties of cross-linked biopolymer networks. Our model relates the 

variations in the elastic modulus to changes in the concentration of molecular motors, which in 

turn are due to changes in soma volume with temperature (Section 4.5). The model thus links the 

observed temperature-induced variations in the mechanical properties to changes in cytoskeleton 
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dynamics controlled by molecular motors. The model predicts a specific power law dependence 

of elastic modulus on the volume: E ∼ V−α, with α = −2.5. The experimental data in Figure 20a 

give a value for the exponent of the power law, α = −2.2 ± 0.5, in very good agreement with the 

prediction of the model. We note that the value of the exponent α measured in our experiments is 

also close to the value of α = −2 obtained for a similar exponent in the case of substrate-induced 

variations in E with V (see ref [29]). Although the power law behavior is similar to our result, we 

emphasized that in ref [29] the variations in elastic modulus and volume were induced by 

changes in the stiffness of the growth substrate and have been explained in terms of changes in 

the water influx into the cell body. In our experiments the change in soma volume is associated 

with changes in the cytoskeleton dynamics induced by variations in the ambient temperature. 

To further investigate the relationship between changes in temperature, soma volume, 

and elastic modulus, we have acquired high-resolution elasticity maps and fluorescence images 

at different temperatures. The data (Figures 9 and 12) show a large degree of overlap (75−100%) 

between regions of high elastic modulus and high fluorescence intensity (for tubulin or actin) at 

all temperatures considered in our experiments. The experiments demonstrate that soma regions 

with E ≥ 1 kPa are associated with microtubules or actin components of the cytoskeleton at all 

temperatures. We thus separate the distribution of E obtained for each individual cell at a given 

temperature into two separate sets: high E values (E ≥ 1 kPa) and low E values (E < 1 kPa). The 

first set is associated with cytoskeleton components and display a clear variation of the average 

elastic modulus ⟨E⟩ with temperature (black circles in Figure 16a). Moreover, the variation of 

⟨E⟩ with the cell volume for this data set displays a power law dependence with α = −2.4 ± 0.5 

(Figure 20b), consistent with both our theoretical model (eq 7) and the data for the overall E vs V 

dependence (Figure 20a). In contrast, the second data set for low E values (E < 1 kPa) does not 

show a significant variation of ⟨E⟩ with temperature or volume (Figure 14b and green triangles in 

Figure 16a and Figure 20b). Several literature reports have shown that typical values of E < 1 

kPa are associated with the cellular membrane and pericellular matrix.[25,26,40] On the basis of 

these results and our experimental findings, we conclude that (1) the regions of the soma with E 

< 1 kPa correspond to the cell membrane and the pericellular membrane, (2) the regions of soma 

with E ≥ 1 kPa correspond to the components of the cytoskeleton (actin and microtubules), and 

(3) temperature-induced changes in the values of soma elastic modulus are caused by changes in 

the cytoskeletal dynamics. 

These results are in agreement with our previous studies, which show significant 

variation in the elastic modulus of neurons with temperature [21] and a large degree of overlap 

between regions of the soma with high elastic modulus and components of the 

cytoskeleton.[14,21] However, in our previous work we have not analyzed the role played by the 

cytoskeleton components and the molecular motors as well as the different behavior with 

variations in temperature displayed by low vs high E values of the elasticity map data points. 

Furthermore, in this work we quantify the change in soma volume V with temperature and 

propose a simple model that relates this change with variations in soma elastic modulus E. The 
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experimental data demonstrate that both the volume and the elastic modulus of the neuron soma 

vary with changes in temperature. Our simple theoretical model links these two independently 

measured variations with changes in the concentration of molecular motors inside the cell. 

Our results were also consistent with both rheology and AFM measurements on several 

cell types, [27,41] which have demonstrated power-law behavior of the cell elastic modulus over 

relatively large variations in temperature, from 13 to 37 °C. In addition, several in vitro 

experiments have used variations in temperature to modify the binding affinity of microfilament 

proteins such as α-actinin to F-actin and thus to measure the effects of temperature on the 

mechanical properties of these networks.[37,42−44] These experiments demonstrate that as 

temperature is increased, the stiffness of the F-actin network decreases, and the network becomes 

more fluidlike. For example, it has been shown [44] that the decrease in elastic modulus for an 

isolated F-actin network, cross-linked in vitro with α-actinin, is on the order of 50%, upon a 

decrease in temperature to 25 °C from 37 °C, a result which is in good qualitative agreement 

with our experiments. 

As discussed above, previous literature reports have shown that the cell volume can 

change in response to external physical cues, such as osmotic pressure or stiffness of the growth 

substrate.[29,30] For example, in ref [29], the authors have demonstrated that the cell volume 

decreases if the stiffness of the growth substrate is increased. This effect has been attributed to 

changes in macromolecular density inside the cell. To our knowledge, we report here the first 

study that shows changes in soma volume with temperature, for any type of cell. It is interesting 

to note that our results show a similar power law between cell elastic modulus and cell volume as 

the one found in ref [29]. Furthermore, we showed that both the variations in volume and cell 

elastic modulus are highly reduced if the activity of molecular motors is inhibited inside the 

neurons. We thus hypothesize that the observed changes in volume and elastic modulus with 

temperature are due to changes in the activity of molecular motors as well as changes in the 

cytoskeletal network. The detailed mechanisms for the temperature-induced effects for will be 

explored in future studies that use a combination of AFM, cell rheology, and fluorescence 

microscopy experiments. These experiments will permit to directly measure the change in 

activity of molecular motors and in cytoskeletal dynamics as a function of temperature. 
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CHAPTER 5: Dynamics of Neurons on Directional Surfaces 

This chapter details the final data and results of “Feedback-controlled dynamics of 

neuronal cells on directional surfaces,” which has been submitted to Physics Review E for 

publication.[108] 

5.1 Axonal Alignment and Speed Distributions for Untreated Neurons 

Cortical neurons are cultured on PDL coated PDMS surfaces with parallel micropatterns 

(periodic parallel ridges separated by troughs). The surfaces differ by the value of the pattern 

spatial period d defined as the distance between two neighboring ridges (Fig. 6). We analyze the 

growth of both untreated and chemically modified neuronal cells on surfaces with spatial periods 

in the range d = 1 µm to 10 µm (in increments of 1 µm). Fig. 2 shows examples of images of 

axonal growth for untreated cells, captured at t = 40 hours after cell plating. Examples of the 

corresponding axonal normalized angular and speed distributions are shown, respectively, in Fig. 

22a and Fig. 22c (for d = 1 µm), and Fig. 22b and Fig. 22d (for d = 3 µm). Additional angular 

and speed distributions are shown in Fig. 23. We have previously demonstrated [9] that axons of 

untreated neurons display maximum alignment along PDMS patterns for surfaces where the 

pattern spatial period d matches the linear dimension of the growth cone l, where l is in the range 

2 to 6 µm. The experimental data shown in Fig. 2b and c is in agreement with our previous 

findings. Furthermore, the speed distributions for these growth cones are close to Gaussian 

distributions, which are expected for t = 40 hours after cell plating.[10] 
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Figure 22: (a-b) Examples of normalized experimental angular distributions for axonal growth measured 

on micropatterned PDMS surfaces with different pattern spatial periods d. The continuous red curves in 

each figure are the predictions of the theoretical model discussed in Section 5.3. The vertical axis (labeled 

Normalized Frequency) represents the ratio between the number of axonal segments growing in a given 

direction and the total number N of axon segments. Each axonal segment is of 20 µm in length (see 

Section 3.4). All distributions show data collected at t =40 hrs after neuron plating. (a) Angular 

distribution obtained for N = 1404 different axon segments on surfaces with d =1 µm. (b) Angular 

distribution obtained for N = 1560 different axon segments on surfaces with d =4 µm. The data shows that 

the axons display strong directional alignment along the surface patterns (peaks at θ= π/2 and θ= 3π/2), 

with the highest degree of alignment (sharpness of the distribution) measured for d =4 µm. (c-d) 

Examples of normalized speed distributions for growth cones measured on micropatterned PDMS 

surfaces with different pattern spatial period d. (c) Speed distribution for N = 210 different growth cones 

measured on surfaces with d =1 µm.  (d) Speed distribution for N = 242 different growth cones measured 

on surfaces with d =4 µm. The continuous red curves in each figure represent the predictions of the 

theoretical model discussed in Section 5.3. This is Figure 3 from “Feedback-controlled dynamics of 

neuronal cells on directional surfaces,” submitted to Physics Review E for publication. [108] 
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Figure 23: (a-b) Examples of normalized experimental angular distributions for axonal growth measured 

on micropatterned PDMS surfaces with different pattern spatial period d. The continuous red curves in 

each figure are the predictions of the theoretical model (see Section 5.3). The vertical axis (labeled 

Normalized Frequency) represents the ratio between the number of axonal segments growing in a given 

direction and the total number N of axon segments. Each axonal segment is of 20 µm in length (see 

Section 3.4). All distributions show data collected at t =40 hrs after neuron plating. (a) Angular 

distribution obtained for N = 1328 different axon segments on surfaces with d = 6 µm. (b) Angular 

distribution obtained for N = 1261 different axon segments on surfaces with d = 9 µm. The data shows 

that the axons display strong directional alignment along the surface patterns (peaks at θ= π/2 and θ= 

3π/2), with the high degree of alignment (sharpness of the distribution) measured for d =6 µm. The degree 

of alignment is greatly reduced for neuronal growth on surfaces with d =9 µm. (c-d) Examples of 

normalized speed distributions for growth cones measured on micropatterned PDMS surfaces with 

different pattern spatial period d. (c) Speed distribution for N = 305 different growth cones measured on 

surfaces with d =6 µm.  (d) Speed distribution for N = 285 different growth cones measured on surfaces 

with d =9 µm. The continuous red curves in each figure represent the predictions of the theoretical model 

discussed in Section 5.3. This is Figure S1 from “Feedback-controlled dynamics of neuronal cells on 

directional surfaces,” submitted to Physics Review E for publication. [108] 

 

5.2 Axonal Alignment and Speed Distributions for Neurons Treated with Taxol and Y-

27632 

To further investigate the axonal dynamics on PDMS surfaces with periodic 

micropatterns we measure angular and speed distributions for neurons treated with chemical 

compounds known to inhibit the dynamics of the cell cytoskeleton. Fig. 24a shows an example 

of axonal growth for neurons treated with 10 µM of Taxol. Fig. 24b shows a similar image 
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obtained for neurons treated with 10 µM of Y-27632. The pattern spatial period of the PDMS 

surfaces is d =4 µm for both images. Taxol is a chemical compound which is commonly used to 

inhibit the normal functioning of the cytoskeleton, due to the disruption of microtubule 

dynamics.[6,9,14] Y-27632 is known to inhibit the formation of actin bundles and the 

reorganization of actin based structures during neuronal growth.[21,71] Both of these 

compounds have been shown to be effective at the concentration of 10 µM used in our 

experiments.[6,13,21,14,70,71] The normalized angular distributions for axonal growth are 

shown in Fig. 24c for Taxol and in Fig. 24d for Y-27632. The neurons treated with either Taxol 

or Y-27632 show a dramatic decrease in the degree of alignment with the surface patterns 

compared to the unmodified cells (Fig. 2 and Fig. 22). The data show that while the axonal 

directionality is greatly reduced by the chemical treatment, the treated neurons still grow long 

axons and form cell-cell connections (Fig. 24a and b). These results demonstrate that the 

disruption of the cytoskeletal dynamics for chemically treated neurons affects only the degree of 

alignment with the surface pattern, leaving the navigation of the growth cone and axonal 

outgrowth uninhibited. 

 

Figure 24: (a-b) Examples of axonal growth for cortical neurons treated with chemical compounds that 

inhibit the cytoskeletal dynamics: (a) Taxol and (b) Y-27632. The growth substrates are PDL coated 

PDMS surfaces with periodic micropatterns with the pattern spatial d =4 µm. The images are captured at  

t =40 hrs after neuron plating. The scale bar shown in (a) is the same for both images. (c-d) Normalized 

experimental angular distributions corresponding to the images shown in (a) and (b), respectively. The 

neurons treated with Taxol or Y-27632 show a significant decrease in the degree of alignment with the 

surface patterns, compared to the untreated cells (Fig. 2 and Fig. 22). The continuous red curves in each 

figure are the predictions of the theoretical model discussed in Section 5.3. This is Figure 4 from 

“Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to Physics Review E 

for publication. [108] 
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5.3 Theoretical Model of Axonal Growth on Surfaces with Periodic Micropatterns 

Axonal motion on the PDMS substrates is characterized by both deterministic and 

stochastic components.[6,8,9,10,51] The dynamics of the growth cones is described by the 

spatial probability distribution 𝑝(𝑟 , 𝑡), whose time evolution is governed by the Smoluchowski 

(spatial Fokker-Planck) equation:[57,58] 

𝜕

𝜕𝑡
𝑝(𝑟 , 𝑡) = 𝐷 ⋅ 𝛻2𝑝(𝑟 , 𝑡) +

1

𝛾
𝛻 ⋅ (𝑝(𝑟 , 𝑡) ⋅ 𝛻𝑉(𝑟 ))  (9) 

Equation 2 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

where D represents the diffusion (cell motility) coefficient, γ is the damping coefficient (friction 

constant of the corresponding Langevin equation), and 𝑉(𝑟 ) is the effective potential that 

determines the axonal motion. The net force per unit mass acting on the growth cone is           

𝑓 = −𝛻𝑉(𝑟 ) {21}. We write the effective potential as a sum of three terms: 

𝑉(𝑟 ) = 𝑉𝑒𝑥𝑡(𝑟 ) + 𝑉𝐹(𝑟 ) + 𝑉𝑖𝑛𝑡(𝑟 , 𝑝)  (10) 

Equation 3 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

where 𝑉𝑒𝑥𝑡(𝑟 )  is the neuron-substrate coupling potential (external potential imposed by the 

substrate geometry), 𝑉𝑖𝑛𝑡(𝑟 , 𝑝) is the neuron-neuron interaction potential (quantifies the 

interactions between neuronal cells), and 𝑉𝐹(𝑟 ) is the potential responsible for the closed-loop 

feedback (to be discussed below). 

In this project, we considered the motion of an ensemble of N growth cones when the 

neuron-neuron signaling potential 𝑉𝑖𝑛𝑡(𝑟 , 𝑝) is negligible compared to the neuron-substrate 

interactions described by the periodic potential (see eq. 11). This is indeed the case for the low 

values of the cell culture density (4,000 cells/cm2) used in our experiments, as shown in previous 

work.[7] The micropatterned PDMS substrates have uniform geometry in the y direction, and 

periodic geometry along the x axis (Fig. 6). Thus, the mechanical coupling between the growth 

cone and the substrate results in a constant potential along the y direction, and a periodic external 

potential along the x axis: 

𝑉𝑒𝑥𝑡(𝑥) = 𝑉0 ⋅ sin2 𝜋𝑥

𝑑
  (11) 

Equation 4 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

where V0 is the maximum strength of the external potential imposed by the surface geometry, d 

represents the pattern spatial period, and x is the coordinate along the x axis defined in (Fig. 6b). 

Experimental data shows that the motion of growth cones along the x axis on the 

micropatterned surfaces is similar to the dynamics of particles inside a harmonic trap centered 



40 
 

around the mean position, similar to the dynamics of polarizable colloids inside optical 

traps.[59,62-64,72] This type of dynamics is described by the harmonic potential:[59,63,64] 

𝑉𝐹(𝑥, 𝑝) = 𝑉 ⋅ (𝑥 − ⟨𝑥⟩)2  (12) 

Equation 5 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

where V is the strength of the harmonic confinement, and ⟨x(t)⟩ is the time dependent growth 

cone mean position along the x axis. We emphasize that in our model the time evolution of the 

probability density in Equation 9 is explicitly written in real space (as opposed to velocity space 

treated in previous work [8-10]), and thus it allows us to separate the effects of periodic 

geometry (Vext given by eq. 11) from the feedback control (VF given by eq. 12). 

Equations 10-12 imply that the spatial probability distribution 𝑝(𝑟 , 𝑡)  admits the 

following separation of variables: 𝑝(𝑟 , 𝑡) = 𝑝(𝑥, 𝑡) ⋅ 𝑝(𝑦, 𝑡)where 𝑝(𝑥, 𝑡) and 𝑝(𝑦, 𝑡) represent 

the cellular probability distributions in the y and x directions, respectively. Furthermore, the 

approximation  𝑉𝑖𝑛𝑡(𝑟 , 𝑝) = 0 and the uniform geometry in the y direction implies that  𝑝(𝑦, 𝑡)  

is a constant, and thus: 

𝑝(𝑟 , 𝑡) = 𝐴 ∙ 𝑝(𝑥, 𝑡)  (13) 

Equation 6 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

where A is an overall normalization constant. 

With the geometric and feedback potentials given by Equations 10 and 11, and the 

probability distribution given by Equation 13, the equation of motion for the growth cone (eq. 9) 

in the x direction becomes: 

∂

∂𝑡
𝑝(𝑥, 𝑡) = 𝐷 ∙

∂2

∂𝑥2 𝑝(𝑥, 𝑡) +
1

𝛾

∂

∂𝑥
(𝑝(𝑥, 𝑡) ∙

∂

∂𝑥
(𝑉𝑒𝑥𝑡(𝑥) + 𝑉𝐹(𝑥, ⟨𝑥⟩))  (14) 

Equation 7 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

with the time dependent growth cone mean position along the x axis: 

⟨𝑥(𝑡)⟩ =
1

𝑁
∫𝑑𝑥 𝑥 𝑝(𝑥, 𝑡)  (15) 

Equation 8 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

The model described by the Equations 11- 15 predicts that the overall motion for the 

axons has two components: (a) a uniform drift along the directions of minimum 𝑉𝑒𝑥𝑡(𝑥), (i.e., 

along the y axis in Fig. 6) and (b) a random walk around these equilibrium positions. This is 

indeed what is observed experimentally. At small times the growth cone dynamics resembles a 
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Brownian motion, resulting in a slow increase in the mean growth cone position ⟨x⟩ along the x 

axis. As time progresses the feedback control which depends on ⟨x⟩ steers the axonal motion 

along the minimum values of the periodic potential, i.e., along the micropatterned parallel PDMS 

lines (Fig. 2 and Fig. 6). Furthermore, in the absence of the confinement imposed by the periodic 

potential (eq. 11) and feedback control potential (eq. 12), the equation of motion for the growth 

cones (eq. 9) reduces to a regular diffusion (Ornstein - Uhlenbeck) process characterized by 

exponential decay of the autocorrelation functions with a characteristic time τ = 1/γ, axonal mean 

square length that increases linearly with time, and velocity distributions that approach Gaussian 

functions.[57,58] In our previous work we have shown that this is indeed the case for axonal 

growth on PDL coated glass and PDMS surfaces characterized by large pattern spatial periods:   

d > 9 µm.[9] 

 

 

Figure 25: (a-b) Examples of experimentally measured probability distributions for the motion of the 

growth cones in the x direction. The red curves represent fits to the data with the solutions of the 

theoretical model given by Equation 14. The fit parameters are the diffusion (cell motility) coefficient D, 

the damping coefficient γ and the magnitudes V0 and V of the external and feedback potential, 

respectively.  (a) Data obtained for N = 331 untreated neurons measured at t = 40 hrs on PDMS surfaces 

with d =4 µm.  (b) Data obtained for N = 298 neurons treated with Taxol measured at t = 40 hrs on PDMS 

surfaces with d =4 µm. (c-d) Simulated neuronal growth for untreated (c) and Taxol - treated neurons (d). 

The simulations are performed by using the values of the growth parameters obtained from the fit of the 

experimental data with solutions of Equation 14. This is Figure 5 from “Feedback-controlled dynamics of 

neuronal cells on directional surfaces,” submitted to Physics Review E for publication. [108] 
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To model the motion of the growth cones on micropatterned PDMS periodic surfaces we 

solve Equation 14 numerically, subject to the stationary solutions:[10,57,58] 

𝑝(𝑥) = (1/𝑍) ∙ exp(−(𝑉 ∙ 𝑥2 + 𝑉ext(𝑥))/𝐷 ∙ 𝛾)  (16) 

Equation 9 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

where Z is a normalization constant. Fig. 25a and b show examples of experimentally measured 

probability distributions for the motion of the growth cones in the x direction. Fig. 25a shows 

data obtained for untreated neurons, while Fig. 25b displays data obtained for neurons treated 

with Taxol. The pattern spatial period for both Fig. 25a and b is d =4 µm. The red curves in Fig. 

25(a) and (b) represent fits to the data with the solutions of the theoretical model given by Eq. 

14.  

For the case of untreated neurons, the solutions of Eq. 14 fit the experimental data for the 

probability distribution 𝑝(𝑥, 𝑡) (Fig. 25a) with the following values of the growth parameters: 

diffusion coefficient  𝐷 = (22 ± 4)μm2/hr, damping coefficient 𝛾 = (0.14 ± 0.05)hr−1, and 

strengths of the external and feedback potentials 𝑉0 = (1.9 ± 0.3)μm2/hr2, and                     

𝑉 = (0.21 ± 0.08)hr−2, respectively. The values for the diffusion and damping coefficients are 

close to the ones we have previously reported for growth cones on glass and PDMS surfaces.[8-

10] The probability distribution in the case of neurons treated with Taxol (Fig. 25b) is fitted with 

the solutions of Eq. 14 for the following values of the growth parameters: diffusion coefficient 

𝐷 = (14 ± 3)μm2/hr, damping coefficient 𝛾 = (0.11 ± 0.03) hr−1, and strengths of the 

external and feedback potentials 𝑉0 = (0.6 ± 0.2)μm2/hr2, and 𝑉 = (0.08 ± 0.04)hr−2, 

respectively. We note that the values for the growth parameters decrease upon the chemical 

treatment of the neuron. 

We use the solutions of Eq. 14 for the probability distribution to simulate axonal growth 

trajectories, as well as axonal speed and angular distributions. The simulations are performed 

using the above values for the growth parameters and strengths of the periodic and feedback 

potentials (obtained from the data fit in Fig. 25a and b) with no additional adjustable parameters. 

Fig. 25c and d show examples of simulation results for untreated (Fig. 25c) and Taxol-treated 

neurons (Fig. 25d) grown on surfaces with d =4 µm.  Similar experimental data and simulations 

obtained for untreated neurons grown on surfaces with d =6 µm, as well as neurons treated with 

Y-27632 are shown in Fig. 27. We emphasize that the angular distributions and speed 

distributions obtained from these simulations match the experimental data for untreated (Fig. 22 

and Fig. 23), Taxol and Y-27632 treated neurons (Fig. 24 and Fig. 26) without the introduction 

of any additional parameters. The simulated axon trajectories in Fig. 25c and Fig. 27c reproduce 

the high degree of alignment observed experimentally for untreated neurons grown on surfaces 

with d =4 µm or   d =6 µm (Fig. 2b and c, Fig. 22b and Fig. 23a). Fig. 25d and Fig. 27d show 

simulated growth trajectories with intermediate degree of alignment (similar to the data 

measured on Taxol and Y-27632 treated neurons in Fig. 24). The Table in Fig. 28 presents a 
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summary of the values for the growth parameters obtained from the comparison between the 

theoretical model (solutions of Eq. 14) and the experimental data for different cells and 

substrates. 

 

Figure 26: Examples of normalized speed distributions obtained for growth cones of cortical neurons 

treated with chemical compounds that inhibit the cytoskeletal dynamics. The growth substrates are PDL 

coated PDMS surfaces with periodic micro-patterns with the pattern spatial d =4 µm. The images are 

captured at t =40 hrs after neuron plating.  (a) Speed distribution measured for N = 274 different growth 

cones for neurons treated with Taxol (inhibitor of microtubule dynamics).  (d) Speed distribution 

measured for N = 256 different growth cones for neurons treated with Y-27632 (inhibitor of actin 

dynamics). This is Figure S2 from “Feedback-controlled dynamics of neuronal cells on directional 

surfaces,” submitted to Physics Review E for publication. [108] 
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Figure 27: (a-b) Examples of experimentally measured probability distributions for the motion of the 

growth cone in the x direction. The red curves represent fits to the data with the solutions of the 

theoretical model given by Eq. 14. The fit parameters are the diffusion (cell motility) coefficient D, the 

damping coefficient γ, and the magnitudes V0 and V of the external and feedback potential, respectively.  

(a) Data obtained for N = 341 untreated neurons measured at t = 40 hrs on PDMS surfaces with d =4 µm.  

(b) Data obtained for N = 316 neurons treated with Y-27632 measured at t = 40 hrs on PDMS surfaces 

with d =4 µm. (c-d) Simulated neuronal growth for untreated (c) and Y-27632 - treated neurons (b). The 

simulations are performed by using the values of the growth parameters obtained from the fit of the 

experimental data with solutions of Eq. 14. This is Figure S3 from “Feedback-controlled dynamics of 

neuronal cells on directional surfaces,” submitted to Physics Review E for publication. [108] 
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Figure 28: Values for the growth parameters of untreated and chemically modified neuronal cells, grown 

on different types of micropatterned PDMS substrates. The uncertainty for each parameter represents the 

uncertainties from the fit of the corresponding data points. The values for α in the last column are 

obtained for d in the range d =1 to 6 µm. This is Figure S4 from “Feedback-controlled dynamics of 

neuronal cells on directional surfaces,” submitted to Physics Review E for publication. [108] 

 

5.4 Feedback Controlled Dynamics in Periodic Potentials 

The theoretical model described in the previous section shows that the feedback potential 

VF depends on the dynamical state of the whole system, through the ensemble average ⟨x(t)⟩ 

(Eqs. 12 and 15). Thus, this model implies that the axonal motion on surfaces with periodic 

geometries exhibits a simple closed-loop “automatic controller” behavior: the growth cone 

detects the geometrical cues on the surface and tends to align its motion along certain preferred 

directions that maximize the cell-surface interactions. In general, closed-loop feedback control 

means that the system is steered towards a target behavior by using information which is 

retrieved from the environment through continuous measurements.  

To further investigate the automatic controller model, we determine the average value for   

|sin θ | (absolute value for the sine of the axonal growth angle), which measures axonal 

alignment for each type of surface. We use the absolute value |sin θ | due to the growth symmetry 

with respect to the x axis (directions θ = 0 and θ = π are equivalent, see Fig. 2 and Fig. 6). As 

Cell/Substrate 𝐷(μm2/hr)

 

𝛾(hr−1)

 

𝑉0(μm2/hr2)

 

𝑉(hr−2)

 

𝛼(μm)−1

 

Untreated

  

 d=1 m

 

19 ± 2

 

0.13 ± 0.04

 

1.4 ± 0.5

 

0.18 ± 0.05

 

1.9 ± 0.4

 

Untreated/

  

 d=4 m

 

22 ± 4

 

0.14 ± 0.05

 

1.9 ± 0.3

 

0.21 ± 0.08

 

1.9 ± 0.4

 

Untreated/

  

 d=6 m

 

21 ± 3

 

0.15 ± 0.05

 

2.0 ± 0.4

 

0.24 ± 0.08

 

1.9 ± 0.4

 

Untreated

  

 d=9 m

 

17 ± 3

 

0.12 ± 0.05

 

1.1 ± 0.05

 

0.15 ± 0.06

 
No value 

Taxol  

 d=4 m

 

14 ± 3

 

0.11 ± 0.03

 

0.6 ± 0.2

 

0.08 ± 0.04

 

0.5 ± 0.2

 

Y-27632 

 d=4 m

 

12 ± 4

 

0.09 ± 0.03

 

0.5 ± 0.03

 

0.06 ± 0.04

 

0.3 ± 0.2
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shown in references [67,68,69] on work performed for galvanotaxis and chemotaxis dose-

response curves for the motion of human granulocytes and keratinocytes, the automatic 

controller model leads to the following expression for the average of the absolute value for the 

sine of the growth angle: 

< |sin𝜃| >≡ ∫ 𝑝(𝜃) ∙ |sin𝜃|𝑑𝜃 =
𝐼1(𝛼∙𝑑)

𝐼2(𝛼∙𝑑)

2𝜋

0
  (17) 

Equation 9 from “Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to 

Physics Review E for publication. [108] 

where I1 and I0 are the modified Bessel functions of the first kind, and α is a parameter with 

dimensions of inverse length. 

 

 

Figure 29: Variation of the average value for |sin θ | (absolute value for the sine of the axonal growth 

angle) with the pattern spatial period d. The black squares represent the values for < |sin𝜃| > obtained 

from the experimental data for untreated neurons. The blue squares correspond to the experimental data 

obtained for neurons treated with Taxol, while the red squares correspond to the data measured for 

neurons treated with Y-27632.  Error bars indicate the standard error of the mean for each data set. The 

dotted curves represent fit of the data points with Eq. 17, performed in the range d = 1 to 6 µm. The graph 

shows that data points in this range are fitted by the feedback control model for the following values of 

the parameters: 𝛼 = (1.9 ± 0.4) 𝜇𝑚−1 for untreated neurons, 𝛼 = (0.5 ± 0.2) 𝜇𝑚−1 for neurons treated 

with Taxol, and 𝛼 = (0.3 ± 0.2)𝜇𝑚−1 for neurons treated with Y-27632. This is Figure 6 from 

“Feedback-controlled dynamics of neuronal cells on directional surfaces,” submitted to Physics Review E 

for publication.[108] 
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Figure 29 shows the variation of the experimentally measured values for < |sin𝜃| >  

with the pattern spatial period d, for untreated neurons (black squares), as well as for neurons 

treated with Taxol (blue squares) and Y-27632 (red squares). The dotted curves represent fits to 

the data with the predictions of the closed-loop feedback model given by Eq. 17. The data 

demonstrate that axonal dynamics on micro-patterned PDMS surfaces is described by a simple 

automatic controller model with a linear response, when the pattern spatial period is in the range 

d =1 to 6 µm, that is when d matches the linear dimension of the growth cone: 𝑑 ≈ 𝑙. This 

conclusion applies to both untreated cells and cells treated with Taxol and Y-27632. In all these 

cases the pattern spatial period d plays the role of an effective control parameter that determines 

the axonal alignment, similar to the electric field in the case of galvanotaxis of human 

granulocytes and keratinocytes,[52,57] or the concentration gradient in the case of cellular 

chemotaxis.[68] Furthermore, Fig. 29 demonstrates that the response of the automatic controller 

is affected by the inhibition of cytoskeletal dynamics: the actual response (measured by the 

coefficient α) is different for the untreated and chemically treated cells (see the caption in Fig. 29 

and Fig. 28). 
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CHAPTER 6: Characterization of Nanoparticle Dielectric Properties 

This chapter details the final data and results of “Quantitative Characterization of 

Dielectric Properties of Nanoparticles using Electrostatic Force Microscopy” as published in AIP 

Advances. [109] 

  

Figure 30: (a) Example of AFM topographic image for non-functionalized PS nanospheres. (b) EFM 

(phase) image of the samples shown in Figure 8. The tip sample separation is h = 20 nm. (a) and (b) are 

Figure 1b and 1c, respectively, from “Quantitative Characterization of Dielectric Properties of 

Nanoparticles using Electrostatic Force Microscopy” published in AIP Advances.[109] 

 

Figure 30a shows a typical AFM-topography image of non-functionalized PS beads on 

the SiO2 substrate. The measured diameter of the PS spheres varies between 40 – 515 nm, and 

the diameter distribution shows a peak around 150 nm (Figure 7a). Figure 7b shows that the 

carboxyl-terminated PS spheres have a similar range and distribution for their diameters Figure 

30b displays the EFM image for the sample shown in Figure 8. We note that the effective 

diameter of the PS nanoparticles is much larger in the EFM image than in the corresponding 

AFM topography. This effect is due to the longer range of electrostatic forces, which are 

responsible for the observed EFM phase shifts.[92,98,99] 

For the model shown in Figure 8, the electrostatic force between the tip and the sample is 

given by: 

𝐹(ℎ) =
1

2
⋅
𝑑𝐶

𝑑ℎ
𝑉𝑡𝑖𝑝

2   (18) 

Equation 1 from “Quantitative Characterization of Dielectric Properties of Nanoparticles using 

Electrostatic Force Microscopy” published in AIP Advances.[109] 

where Vtip is the voltage applied to the AFM tip, and dC/dh represents the derivative of the tip-

sample capacitance with respect to the tip-sample separation h. To quantify the interaction 

between the AFM tip and the substrate we model the AFM cantilever as a driven harmonic 

oscillator of resonant frequency ω0, quality factor Q, and spring constant k.[98,99] For a 

cantilever driven on resonance, away from the substrate the phase shift is π/2. In this project we 

adopted the standard AFM software (MFP3D) [104] convention that all phase shifts are 
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measured with respect to this value, which results in an overall positive phase shift above the 

substrate (Equation 19 below). 

 

Figure 31: (a) and (b) Examples of EFM images for non-functionalized PS nanospheres measured on the 

same region of the sample at different tip–sample heights h: (a) h = 20 nm and (b) h = 80 nm. The tip 

voltage is constant Vtip = +6 V for both images. (c) and (d) Examples of phase shifts measured over the 

line scans shown in (a) and (b), respectively. The images show that the measured phase shift is decreasing 

with increasing tip–sample separation, as discussed in the text. This is Figure 2 from “Quantitative 

Characterization of Dielectric Properties of Nanoparticles using Electrostatic Force Microscopy” 

published in AIP Advances.[109] 

 

 

Figure 32: Examples of EFM images for carboxylated non-functionalized PS nanospheres measured at 

different tip-sample heights, h, on the same region of the sample: (a) h = 20 nm and (b) h = 80 nm. The 

tip voltage is constant Vtip = +6 V for both images. This is Figure S2 from “Quantitative Characterization 

of Dielectric Properties of Nanoparticles using Electrostatic Force Microscopy” published in AIP 

Advances.[109] 

Figure 31 shows EFM images of PS nanospheres acquired on the same sample region at 

different scan heights: h = 20 nm (Fig. 31a) and h = 80 nm (Fig. 31b). Examples of measured 

phase shifts for the two scan heights are shown in Figure 31c, respectively Figure 31d. An 
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example of similar measurements performed on functionalized carboxyl-terminated PS 

nanospheres is shown in Figure 32. When the cantilever is scanned at height h above a bare SiO2 

substrate, the electrostatic force F(h) between the metallic tip and the surface changes the 

cantilever resonant frequency.[98,99] To the leading order this change leads to a constant shift in 

the oscillation phase of the cantilever [96,98] (background phase in Figure 31): 

tan(𝛷0) =
𝑄

2𝑘
𝐶1

′′(ℎ) ⋅ 𝑉𝑡𝑖𝑝̇
2   (19) 

Equation 2 from “Quantitative Characterization of Dielectric Properties of Nanoparticles using 

Electrostatic Force Microscopy” published in AIP Advances.[109] 

where 𝐶1
′′(ℎ) is the second derivative of the tip-sample capacitance with respect to tip height h. 

When the tip is above the sample (PS nanosphere) the total capacitance of the tip-sample-

substrate changes to a different value 𝐶2(ℎ). This results in changing the electrostatic force 

acting on the tip, which in turns leads to an additional phase shift 𝛥𝛷 measured over the sample 

(relative to the bare SiO2 substrate):[96,98] 

tan(𝛷 − 𝛷0) ≈
𝑄

2𝑘
(𝐶2

′′(ℎ) − 𝐶1
′′(ℎ)) ⋅ 𝑉𝑡𝑖𝑝

2   (20) 

Equation 3 from “Quantitative Characterization of Dielectric Properties of Nanoparticles using 

Electrostatic Force Microscopy” published in AIP Advances.[109] 

Equations 19 and 20 predict a parabolic dependence for the tangents of both the 

background phase tan(𝛷0), and the phase shift above the nanosphere tan(𝛥𝛷) with respect to 

the tip voltage Vtip. This parabolic dependence has been studied in detail and confirmed 

experimentally.[92,96,98] The negative phase shift (relative to the SiO2 substrate) measured on 

the PS nanoparticles is explained qualitatively by simple electrostatic models that predict     

𝐶2
′′(ℎ) < 𝐶1

′′(ℎ), for all scan height h = 10 - 500 nm considered in our experiments.[96,98] 

To account for the different dielectric properties of non-functionalized PS and 

carboxylated PS nanospheres with varying diameters, we develop a detailed electrostatic model, 

which takes into account the tip-sample geometry. First, we note that from Equations 19 and 20 

we obtain a relation between the background phase 𝛷0, the phase shift above the nanosphere 𝛥𝛷 

(both measured experimentally, see Figure 31c and d), and the second derivative of the tip-

sample capacitance 𝐶2
′′(ℎ): 

tan(𝛥𝛷) ≈
𝑄

2𝑘
(𝐶2

′′(ℎ)) ⋅ 𝑉𝑡𝑖𝑝
2 − tan(𝛷0)  (21) 

Equation 4 from “Quantitative Characterization of Dielectric Properties of Nanoparticles using 

Electrostatic Force Microscopy” published in AIP Advances.[109] 

Equation 21 is valid for any tip height h, tip voltage Vtip, and tip-sample capacitance 𝐶2(ℎ), given 

that the shift in the cantilever oscillation phase is proportional to the gradient of the electrostatic 

force between the tip and the sample.[92,96,98,99] For a conical tip of half angle θ and apex 

radius R (Figure 8), the second derivative of the AFM tip-sample capacitance is given by:[92,96] 
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𝐶2
′′(ℎ) =

8𝜋𝑅2𝜀0

𝛾2
⋅

1

(ℎ+𝐷
𝜀⁄
+𝑡

𝜀⁄ )
3  (22) 

Equation 5 from “Quantitative Characterization of Dielectric Properties of Nanoparticles using 

Electrostatic Force Microscopy” published in AIP Advances.[109] 

where 

𝛾 = ln (
1+cos𝜃

1−cos𝜃
)  (23) 

Equation 6 from “Quantitative Characterization of Dielectric Properties of Nanoparticles using 

Electrostatic Force Microscopy” published in AIP Advances.[109] 

is a constant factor that depends on the half-angle θ of the AFM tip. Equations 22 and 23 contain 

the following constants: ε0 = 8.854 · 10-12 F/m is the vacuum permittivity, εS = 3.9 is the SiO2 

dielectric constant, t represents the thickness of the SiO2 layer (t = 400 nm in our experiments). 

The tip radius R= (30 ± 10) nm and tip half-angle θ = 30° are taken as the values quoted by the 

manufacturer (we note that our results are not very sensitive to the precise value of these two 

parameters). The parameters D and ε are the PS nanoparticle diameter and dielectric constant, 

respectively. 

The model represented by Equations 19 - 23 quantitatively describes the experimental 

data. In particular, the model predicts negative phase shift when the tip is positioned above the 

nanosphere, as well as a decrease in the measured phase shift with respect to increase in the tip-

sample separation h, which matches the experimental measurements (Figure 31 and Figure 32). 

We are using the phase shifts from EFM images acquired at different tip heights h, and the model 

described by Equations 21 - 23 to calculate the dielectric constant as a function of nanosphere 

diameter for both types of polystyrene beads: non-functionalized and carboxyl-terminated. The 

procedure is as follows. First, we measure the nanosphere diameter D from the AFM topography 

data (as shown in Figure 30a). Then we acquire the EFM phase shift for tip-sample separations h 

in the range 10 – 500 nm. The experimental parameters: tip-sample separation, quality factor, 

and spring constant of the AFM cantilever are measured as described in the supplementary 

material. Then from the measured experimental dependence of tan(𝛥𝛷) and tan(𝛷0) vs. h and 

Equations 21 - 23 we obtain the variation of the second derivative of the tip-sample capacitance  

𝐶2
′′(ℎ) with respect to h, for a given PS nanosphere. 
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Figure 33: Examples of variations of the second derivative of the tip-sample capacitance 𝐶2
′′(ℎ) with 

respect to the tip height h above the PS nanosphere. The values shown on the vertical axes represent the 

measured values multiplied by 104. (a) Data for non-functionalized PS nanosphere with diameter D = 40 

nm; (b); Data for nonfunctionalized PS nanosphere with diameter D = 441 nm; (c) Data for carboxyl-

terminated PS nanosphere with diameter D = 51 nm; (d) Data for carboxyl-terminated PS nanosphere 

with diameter D = 520 nm. Error bars represent experimental uncertainties resulting from measuring the 

EFM phase shift. The red curve in each figure represents the fit to the data points using Equation 22. The 

fit parameter is given by the nanosphere dielectric constant ε shown in the inset for each figure. This is 

Figure 3 from “Quantitative Characterization of Dielectric Properties of Nanoparticles using Electrostatic 

Force Microscopy” published in AIP Advances.[109] 

 

Figure 33 shows examples for the variation of the measured second derivative of the tip-

sample capacitance with respect to the tip height for both non-functionalized and carboxylated 

PS nanospheres. We note that the measured variation of 𝐶2
′′(ℎ) vs. h is different for spheres with 

different diameters D, as predicted by the electrostatic model given by Equation 22. We use the 

data in Figure 33 together with Equation 22 to extract the dielectric constants ε for the non-

functionalized and carboxyl-terminated polystyrene nanospheres. The red curves in Figure 34 

represent fits to the data points with Equation 22, where ε is the fit parameter (as described 

above, all the other parameters in Equation 22 are known or measured experimentally). The 

insets in Figure 33 show examples of the values obtained for the dielectric constant for 

nanospheres of various diameters. We emphasize the high sensitivity for measuring dielectric 

constants of nanospheres and nanocomposites obtained by using this method. 
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Figure 34: Measured dielectric constant vs. sphere diameter for non-functionalized PS (εPS, represented 

by blue squares) and carboxyl-terminated PS (εcomp, represented by red squares) nanospheres. Dielectric 

constants are measured using the procedure outlined in the text. Error bars represent uncertainties in the 

fit value (see Figure 33). This is Figure 4 from “Quantitative Characterization of Dielectric Properties of 

Nanoparticles using Electrostatic Force Microscopy” published in AIP Advances.[109] 

 

Figure 34 gives a summary plot of the variation of dielectric constant with nanosphere 

diameter for non-functionalized PS (blue data points) and carboxyl-terminated PS (red data 

points). For both types of nanoparticles, the higher dielectric constant measured at small 

diameters D < 250 nm is consistent with a higher transverse polarizability of the nanospheres due 

to increase mobility of the dipoles at the surface.[80,82] For large diameters (D > 250 nm) the 

measured dielectric constant of both types of nanoparticles is close to the corresponding value 

reported in literature for PS microbeads 𝜀𝑀𝑃𝑆 = 2.7.[82,103] 

Figure 34 also shows that the two types of PS nanospheres have clearly distinct dielectric 

properties. Non-functionalized PS nanospheres with small diameters D < 250 nm display higher 

dielectric constants compared to carboxyl-terminated PS nanospheres of similar diameters. This 

result is consistent with multicore models that take into account the interactions between 

inorganic nanoparticles and the surrounding polymer chain of a few nm in thickness.[105,106] 

According to these models the surface interactions between nanoparticles and the surrounding 

polymer rearranges the polymer chains and reduces the mobility of electric dipoles at the 

interface, which results in a decrease of the overall dielectric constant of the composite material. 

These interfacial interactions can lead to the formation of interphase regions with intrinsic 

physical properties, which are different from those of the constituent materials (nanosphere and 

the attached polymer chain). The EFM-based technique presented here could therefore be used to 

measure the dielectric properties of composite materials including nanodielectrics, nanofibers, 

interphases and polymer matrix-nanofiller composites. 
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CHAPTER 7: Continued Work 

The experimental work that resulted in “Feedback-controlled dynamics of neuronal cells 

on directional surfaces” was primarily conducted and completed in the spring and summer of 

2020. Following this work, we saw an opportunity to expand and use the knowledge gained in 

pursuit of more directly biological research. 

In fall 2020 under the advisement of Professor Cristian Staii, I began working alongside 

Dr. Anne Valat in Professor David Kaplan’s Silk Laboratory at Tufts University to conduct 

further focused observation and analysis of rodent cortical cells and to familiarize myself with 

the culturing process and protocol as my involvement in previous projects was primarily in data 

analysis. Unfortunately, due to circumstances beyond our control pertaining to the COVID-19 

pandemic, I was unable to continue this project to completion. However, in this chapter I will 

detail our preliminary work as well as an overview of the project plan as was initially developed. 

Following the protocol described in Chapter 2, we cultured embryonic rodent neurons in 

medium and maintained these cultures at a density of approximately 3 ⋅ 105 cells/mL (Figure 35) 

through daily or weekly feeding and division, depending on measured density of a given day. To 

ensure cellular stability and preservation, the neuron cultures were stored at 37 °C whenever not 

in use. 

 

Figure 35: Neuronal stem cell culture of density 6.5 ⋅ 105 cells/mL viewed under a Nikon Optiphot light 

microscope. Image captured using a phone camera. 

 

The goal of this project was to observe axonal growth patterns of neurons when exposed 

to pharmaceuticals designed to treat Alzheimer’s. Using the experimental design of “Feedback-

controlled dynamics of neuronal cells on directional surfaces” as a base, we planned to monitor 

neurons as they grew over many hours using Atomic Force Microscopy and Confocal 

Microscopy. The primary deviations were the media in which the cells would be observed and 

the material on which the cells would be grown. 
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In order to better model neuron growth in an anatomical environment, the use of 

patterned silk surfaces in the place of PDMS to observe the growth patterns on was proposed. 

Using silk also allowed for more versatility in size and thickness of the surfaces. To obtain such 

patterned surfaces, silk provided by the Kaplan Lab was dissolved in water at varying 

concentrations ranging from 2 - 6.5% silk in solution. The solutions were plated on PDMS with 

periodically patterned profiles including a sinusoidal period, a square-wave period, and a flat 

profile for control. Once dried, the silk surfaces were cut into 19mm disks for plating neurons 

(Figure 36). Due to extenuating circumstances as previously mentioned, the plating of neurons 

was the end of my work on this project. 

 

 

Figure 36: Each of the six filled wells contains 1) a patterned silk disk, 2) neurons, 3) a sterile metal ring 

to prevent curling of the silk disks, and 4) a small amount of medium for cell preservation. 

 

The next step was to increase the number of cultures and transfer the silk-plated neurons 

to sample holders that would be more suitable for confocal and atomic force microscopy. The 

cultures would then be introduced to several Alzheimer’s medications, and the effects of each 

medication on axonal growth patterns, frequency of connections, and neuron development could 

be systematically observed and analyzed. The motivation in this pursuit was to achieve a better 

understanding of the effectiveness of Alzheimer’s medication on the cellular level. 
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CHAPTER 8: Discussion 

The previous three chapters show a culmination of the work and projects that I have 

contributed to as a researcher under Professor Cristian Staii at Tufts University. In this final 

chapter, I will detail the conclusions drawn from the results of each of the three discussed 

projects and their potential implications in their respective subfields moving forward. It is also 

important to once more emphasize how critical the versatility of atomic force microscopy is. The 

AFM served as a foundational component to each project. 

First, in our paper in Langmuir, [107] we present a study on the complex dependence of 

neuron elastic modulus on temperature. We demonstrated that the elastic modulus and cell 

volume of cortical neurons depends significantly on environmental temperature changes. The 

combined AFM and fluorescence experiments that were performed allowed us to independently 

measure the variation of cell elastic modulus and volume with temperature. In addition, we 

tracked individual components of the cytoskeleton (microtubules and actin) and changes in the 

cytoskeletal dynamics. Furthermore, we showed that these changes in the dynamics of the 

cytoskeleton components lead to variations of both soma elastic modulus and volume with 

temperature. Variations in the cell volume are associated with changes in both the overall soma 

elastic modulus and local elasticity maps. We found a power law relationship between elastic 

modulus and volume which allowed us to propose an empirical model that more accurately 

considers the temperature dependence compared to previous models (Section 4.5). 

Our findings have significant implications for cell physiology as cellular volume and 

mechanical stability play an important role in many intra- and intercellular processes, such as 

protein dynamics and activation of cellular pathways, cellular motion, intercellular signaling, and 

cellular response to external cues. These temperature-related effects are also important during 

tissue damage or infections. Furthermore, these results present a potential method to reversibly 

control the elastic properties of neurons through variations in temperature without requiring 

additional chemical modifications. In vitro, such temperature-dependent effects could be used to 

control nerve functions, thus allowing further studies of cell physiology, biomechanics, and 

motility. Future experiments that combine temperature-dependent elasticity mapping with 

chemical modifications of the cell could provide insight into nerve physiology under normal vs 

disease conditions or into the fundamental neuron functions and repair mechanisms. 

Secondly, in our work that is currently under review at Physics Review E, [108] we 

performed a detailed analysis of axonal growth on micropatterned PDMS surfaces. We 

demonstrated that the axonal dynamics on these surfaces is described by a theoretical model 

based on the motion of a closed-loop automatic controller in a periodic external potential 

imparted by the surface geometry. We have used this model to measure the parameters that 

characterize the axonal motion. Our results show that the dynamics of the growth cone is 

regulated by a contact-guidance mechanism, which stems from cellular feedback in an external 

periodic potential: the growth cone responds to geometrical cues by rotating and aligning its 
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motion along the surface micropatterns. The general model presented here could be applied to 

describe the dynamics of other types of cells in different environments including external electric 

fields, substrates with various mechanical properties, and biomolecular cues with different 

concentration gradients. 

The implications of this study are noteworthy regarding potential continued 

interdisciplinary research beyond the scope of biophysics. This work has the ability to serve as a 

baseline understanding of how neuron growth patterns evolve and react to environmental stimuli, 

which can then be expanded upon, as discussed in Chapter 7. Incorporating pharmaceutical 

research would allow an in-depth investigation of axonal growth patterns when exposed to 

medications for a better understanding of how new or existing drugs affect the brain, or even 

other organ systems, on a cellular level. 

Lastly, in our AIP Advances paper, [109] we developed a novel high-resolution technique 

based on electrostatic force microscopy to quantitatively measure the dielectric constants for 

nanospheres of different diameter. This allowed us to develop and propose a simple model that 

considers the tip-sample geometry. We used phase shifts measured from EFM data, and this 

theoretical model to perform a comprehensive analysis of the variation of the dielectric constant 

with the sphere diameter. 

Our experimental technique is simple to implement on standard AFM and opens 

opportunities to measure dielectric constants of individual nanoparticles, beads, and composite 

materials at the nanoscale. More generally, these results demonstrate that EFM experiments can 

be used to distinguish between homogeneous vs. heterogeneous materials based on their 

measured dielectric properties. For example, dielectric properties of the polymer component in a 

fibrous mat or in a porous material are extremely difficult to measure quantitatively due to the 

large void fractions that make up for a significant fraction of the total sample volume. The 

technique introduced in this paper can be used to investigate the interplay between the sample 

geometrical characteristics and its dielectric properties. In particular, EFM measurements will 

allow researchers to identify which properties of the complicated random geometry of the 

material (e.g., porosity, distribution and size of grains and pores) have a significant influence on 

the dielectric properties. We anticipate that this novel quantitative technique will be very useful 

as a high-resolution, non-destructive tool for measuring electrical properties of nanocomposites 

with a wide range of applications in nanotechnology. 
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