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Breast cancer is one of the most common malignancies among womenlav
wide. Conventional breast cancer diagnostic methods involve néaore biopsy
procedures, followed by careful histopathological inspection dfi¢ tissue specimen
by a pathologist to identify the presence of cancerous lesions. Hwer, such in-
spections are primarily qualitative and depend on the subjective impssions of ob-
servers. The goal of this research is to develop approaches fotatning quantitative
mechanical signatures that can accurately characterize maligr@nin pathological
breast tissue. The hypothesis of this research is that by using ¢aot-mode Atomic
Force Microscopy (AFM), it is possible to obtain di erentiable measuss of sti ness
of normal and cancerous tissue specimens.

This dissertation summarizes research carried out in addressingykexperi-
mental and computational challenges in performing mechanical dalaaterization on

breast tissue. Firstly, breast tissue specimens studied were 600 in diameter,



about six times larger than the range of travel of conventional A X-Y stages
used for imaging applications. To scan tissue properties across lrgnges, a semi-
automated image-guided positioning system was developed that da@ used to per-
form AFM probe-tissue alignment across distances greater tha®@@ m at multiple
magni cations. Initial tissue characterization results indicate tha epithelial tissue
in cancer specimens display increased deformability compared to épiial tissue
in normal specimens. Additionally, it was also observed that the tissuresponse
depends on the patient from whom the specimens were acquired.

Another key challenge addressed in this dissertation is accuratetdanalysis
of raw AFM data for characterization purposes. Two sources ohaertainty typically
in uence data analysis of AFM force curves: the AFM probe's springonstant and
the contact point of an AFM force curve. An error-in-variable basd Bayesian
Changepoint algorithm was developed to quantify estimation errons the tissue's
elastic properties due to these two error sources. Next, a paratric nite element
modeling based approach was proposed in order to account for tigleheterogeneity
in the tissue response. By using an exponential hyperelastic masrmodel, it
was shown that it is possible to obtain more accurate material propees of tissue
specimens as opposed to existing analytical contact models.

The experimental and computational strategies proposed in thisigbertation
could have a signi cant impact on high-throughput quantitative studies of bioma-
terials, which could elucidate various disease mechanisms that areepbtyped by

their mechanical signatures.
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Chapter 1
Introduction

1.1 Motivation

It is estimated by the American Cancer Society that 232,340 new @&s=s of
invasive breast cancer are expected to be diagnosed among womethe US during
2013, and an estimated 40,030 breast cancer deaths alone arecetgd in 2013 [3].
Traditional assessments of cancer involve a biopsy procedurelJdeed by detailed
histopathological analysis of the sampled tissue to identify the presce of cancerous
lesions.

Histology is the branch of biology that studies the microscopic straure of
animal or plant tissues. The most common histological procedure is Embed xed
tissue chunks in para n blocks, thinly section them, treat the sedioned tissue slices
with various staining techniques, and then study them under an ojmal microscope.
This method has enabled pathologists and clinicians to study human $ige in its
normal and diseased forms for hundreds of years and is still playiag indispensable
role in clinical pathology and biology research. Four types of tissugeapresent in
human body: epithelial tissue, stromal tissue, nervous tissue amtuscles; and they
interweave together in distinctive patterns throughout the huma body.

Most breast cancers are broadly classi ed by pathologists into thillowing

categories [2]:



1. Carcinoma in situ: These involve neoplastic proliferation that is limited to the
ducts [called ductal carcinomain situ (DCIS) - see Fig. 1.1(a)] and lobules
[called lobular carcinomain situ (LCIS) - see Fig. 1.1(b)] by the basement

membrane.

2. Invasive/In ltrative carcinoma: These involve neoplastic proliferation that
have penetrated through the basement membrane into the strahtissue [see

Fig. 1.1(c)].
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Figure 1.1: Stained histopathological images of (a) ductal carcin@rin situ, (b)
lobular carcinoma in situ and (c) invasive ductal carcinoma [2].

While the interpretation of stained images leads to insights into the @et and
progression of malignancy in a tissue specimen, this exercise is largghalitative
and based on the subjective impressions of observers. To addrdss, researchers
have proposed a range of computer-aided diagnostic (CAD) metl® that assist

physicians in rendering more informed clinical decisions. A comprelsgre review of

2



the recent advances in automated interpretation of digital micra®py images and
CAD methods with relevance to histopathological tissue is given in [4].

The correlation between pathophysiological processes and theamanical prop-
erties of the tissue they a ect has been the subject of substaat research for a
number of years. Pathophysiological changes that occur in maspale tissue have
been studied by imaging tools like ultrasound [5], magnetic resonanceaigng [6]
and computed tomography [7], and there is reason to believe thatdbe changes may
manifest at the single cellular level [8]. Let al. [9] reported increased deformabil-
ity in cancerous breast epithelial cells compared to normal breaspithelial cells,
while similar increase in deformability was reported in cancerous bladdeells [10].
It has been hypothesized that the cellular cytoskeleton plays a damant role in
the onset and progression of cancer. Actin reorganization wasesplated to be the
cause of alteration in mechanical properties in bladder cells [10], bseapithelial
cells [9], mouse broblast cells [11] and keratinocytes [12]. Changes efamability
in the extracellular matrix (ECM), that provides structural support to the cells,
was reported to activate malignancy in breast epithelial cells [13], whitée role of
cell-ECM binding in cancer has been investigated in [14].

While the structural changes in cellular architecture and the surrnding ECM
induced by cancer has been widely documented at the cellular scale f8g mor-
phological changes inside a developing tumor lesion is not clearly urgteod yet.
Indeed, the di erence between cellular and tissue-level manifettan of cancer can
be noted by observing the apparent dichotomous impact of cancacross length

scales: pathologists use breast palpation to locate the presendest nodules,
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which correspond to hardening of the neighboring tumor stromaissue [15], while
cell biophysicists widely report increased deformability in malignant de compared
to healthy ones, as mentioned earlier [8].

There are several reasons for investigating the mechanical chgas that accom-
pany onset and progression of cancer at the tissue level as omab$o the cellular
level. Studying the tumor at the tissue level provides direct insight o the underly-
ing architectural changes that occur within a developing lesion andhé¢ surrounding
tissues, and the degree of malignancy can be quanti ed in the tisssigative envi-
ronment. In contrast, the relevance of single-cell study is sombat questionable
since it is not representative of a three-dimensional tissue enviment.

Another distinct advantage of studying tumor-level breast carer is the im-
proved throughput associated with histological tissue preparatio Using techniques
like tissue microarray (TMA) [16] technology, where representates samples from
numerous biopsy procedures can be assembled onto a single miopscslide, it
is possible to characterize many sub-classes of cancer in a reaklynshort period
of time. It is therefore enticing to imagine a battery of mechanicalignatures of
various subclasses of cancer complementing the digitized stainedxga information
from an imaging system to greatly enhance the capability of currembmputer-aided
diagnostic methods in making informed clinical decisions.

Advances in cancer biomechanics research has been supplemeyesisurge in
the development of mechanical property measurement techniguat the micro/nano
scale [17]. Some of the most common methods used to quantify mesbal proper-
ties of biomaterials are given as follows (see Fig. 1.2 [17]):
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1. Micropipette Aspiration (MA): In this technique, a biological cell is drawn into
a pipette using a known suction pressure. The aspiration length qotaes the

deformability of various types of cells.

2. Magnetic Twisting Cytometry (MTC): This method involves attaching mag-
netic beads to functionalized surfaces of cells. Application of a knownagnetic
eld deforms the surface of the cell, which characterizes the cellulelastic and

viscous properties.

3. Optical Tweezers (OT):In this method, a highly focused laser beam is aimed
at a dielectric bead, usually attached to the biological specimen. THagh
intensity of the laser creates a \trap" which holds the bead and thattached
specimen at the focusing point. In many cases, two beads are attad to two

diametrically opposite surfaces of a cell.

4. Atomic Force Microscopy (AFM): The AFM system consists of a micro-cantilever
probe that is piezoelectrically controlled to deform tissue samples lay xed
amount. Based on the AFM probe and tissue-sample interaction fmes, the
cantilever de ects, which is then optically sensed. This de ection ahthe cor-
responding change in light intensity is related to the sti ness of theanple

probed by the AFM.

While the MA, MTC and OT based mechanical assays all possess theldp
to quantify mechanical properties of micro/nano scale biomaterigl®\FM surpasses

these techniques in its versatility in quantifying mechanical propeis of biomateri-
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Figure 1.2: Schematics of (a) Micropipette Aspiration, (b) Magnetidwisting Cy-
tometry, (c) Optical Tweezer and (d) contact-mode Atomic Fore Microscopy.

Figure 1.3: Length scales of various biological specimens, togethgth the appro-
priate force measuring instruments.



als across various length scales (see Fig 1.3). It also allows minimal plTprepara-
tion and therefore samples can be studied in their physiological ermimment. Apart
from its ability to measure nanoscale to picoscale forces, it is also widased as an
imaging tool [18].

With this background in breast cancer and the mechanical ags that hold
the potential to quantify it, it is hypothesized that usinghe AFM in contact mode,
di erentiable measures of local sti ness in histopatholdgal breast tissue could re-
veal insights into the nature and progression of breast camndhat could supplement

traditional staining based histological assessments falagnostic purposes.

1.2 Proposed Solution

The research objectives that have been addressed in this worle sstated as

follows:

1. Tissue preparation protocol and preliminary feasibility tdy: In order to en-
sure that AFM sampling in the tissue is restricted to a region of biologat
interest, it is necessary to have a prede ned map of the tissue gjmen which
can be used as a reference to navigate through the specimen un&eM inden-
tation. Virtual-microscopy (VM) enabled TMA technology for this purpose.
The results of preliminary characterization studies show that caecous ep-
ithelial tissue exhibits increased deformability compared to normalpéhelial

tissue.

2. Experimental improvements in the AFM sampling procedureHuman breast
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tissue being highly heterogeneous wherein functional breast emtial cells
are surrounded by stromal tissue in a complex intertwined mannesampling
a particular cell type is highly labor-intensive and ine cient. To enharce
the positioning throughput prior to AFM indentation, a long-range image-
guided positioning system (IGPS) has been developed that improvesiency
in AFM tissue characterization experiments signi cantly, and the deeloped
setup serves as a useful supplement to commercial AFM X-Y stagwith

limited scanning range.

. Error quanti cation in tissue sti ness estimates from indentation data: A crit-
ical pre-requisite to e ective tissue characterization is accuratdata analysis
of raw AFM data. Variability in two key experimental parameters giverise
to inaccurate estimation of the tissue mechanical properties: (ihe contact-
point in an AFM force curve, which relates to the probe's vertical position
when it rst makes contact with the tissue and (b) the probe'sspring con-
stant, which converts the probe de ection into the contact force. Tohis end,
an error-in-variables (EIV) based Bayesian Changepoint algorithrhas been
developed to investigate the impact of these uncertainties in the rieanical

characterization process.

. Constitutive modeling of breast tissueThe direct implication of spatial het-
erogeneity in breast tissue specimens is that tissue response migbt be
adequately captured through linearized analytical contact modekuch as the

Hertz contact model. Violations to Hertzian contact theory has ben investi-



gated by using numerical procedures and an exponential type pleemenolog-
ical hyperelastic constitutive model has been proposed to estineahonlinear

tissue properties from AFM data.

1.3 Organization

Single-cell mechanical characterization using AFM has been well-easched
in the past[19] and this dissertation commences by following a cell-legis AFM
characterization protocol as a starting point. In chapter 1, thebackground and
motivation for this study is discussed. In chapter 2, the operatioof the AFM, the
tissue preparation and AFM experimental protocol are introduakand the results of
preliminary AFM indentation experiments on breast tissue specimerae discussed.
Following this, the development of a semi-automated positioning sysh is reported
in chapter 3, which improves e ciency in the AFM characterization eyeriments
on tissue compared to preliminary tissue characterization. In chtgr 4, details
of a probabilistic mathematical model using EIV-Bayesian Changept scheme is
elaborated, which is used to estimate tissue mechanical propertiesm AFM data
after taking into consideration the innate errors in the AFM system In chapter 5,
constitutive material modeling of the tissue specimens under AFM imahtation is
discussed. Finally, in chapter 6, contributions of this dissertationrad the future

goals of this project are discussed.



Chapter 2
Pilot Mechanical Characterization Studies on Breast Tissi
Pathology samples using Atomic Force Microscopy

2.1 Overview

This chapter discusses the results of pilot studies of AFM indentatoon hu-
man breast tissue. Epithelial and stromal tissue regions were sééztfrom normal
and cancerous tissue specimens and AFM indentation experimentsres carried out
on these regions. In section 2.2, the materials and methods usedpi@pare the
tissue microarray map of prescribed locations, the AFM experimeait setup with
its operating principle and the AFM data analysis are discussed. In&®n 2.3, the
tissue elasticity results are presented. This chapter is concludedsaction 2.4 with
a discussion of the merits and demerits of the experimental protcand suggested

improvements.

2.2 Material and Methods

2.2.1 Tissue Microarray (TMA) preparation and Annotation

Tissue Microarray (TMA) technology is a relatively new technique foihar-
vesting tiny cylinders of tissue and arranging them on a recipient pam block in a

matrix-like format [16]. TMA has been widely used as a high throughpunalytical
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tool for conducting large scale molecular studies on tissue specimemissue cores of
0.6 mm diameter were extracted from para n-embedded normal ahbreast cancer
tissue blocks and assembled into 4 quadrupled tissue microarray saising Auto

Tissue Arrayer (Beecher ATA-27). Two consecutive 4m slices of each TMA were

cut and xed onto glass slides (see Fig. 2.1).

Figure 2.1: (a) Stained slide image and (b) adjacent unstained slide igea c 2010
IEEE.

One of each set of consecutive slides was stained with hematoxylirdaosin
(H&E) and cover-slipped. Following the extraction on tissue coresyirtual Mi-
croscopy (VM) technology was used to generate digital scans bettissue segments.
VM automatically scans a specimen in a xed high resolution and allows e to
navigate the digital specimen as if they were viewing the specimen ugia tra-

ditional microscope [see Fig 2.2(a) and 2.2(b)]. Both the stained andstained

11



tissue slides were digitized using Trestle/Zeiss MedMicro scanning &\ at 40x
equivalent resolution into a tiled TIFF format and uploaded onto the wb server at
http://virtualscope.umdnj.edu for subsequent viewing and annotton.

The H&E slides were examined by a certi ed pathologist to con rm hisblog-
ical validity of specimen and one pair of consecutive slides was seldcbased on
the fact that they contained adequate amount of breast parehgma for the exper-
iments. The certi ed pathologist then annotated valid normal epittelial regions;
normal stromal regions; cancer epithelial regions and cancera@tnal regions using
the online annotation tool [Fig 2.2(c)], while the labels were concealed the person-
nel performing the AFM tests. The AFM operator was only providednformation
on the regions to be indented.

Using TMA technology in the experimental design served three primgapur-
poses. First and foremost, the con guration of TMA specimen fddated navigation
about the specimens and dictated that each sampling that was takeising the AFM
probe could be applied unambiguously to specic tissue cores by reagring the
stained and unstained core images. Second, as each TMA slide camaa dozens
to hundreds of tissue cores, each potentially originating from a dirent patient,
TMA technology provides abundant specimen sources and experimhéeesign possi-
bilities. Third, it has been proven that TMA technology preserves th microscopic
tissue architecture in each tissue disc for visual assessment adl &e for various

gualitative and quantitative assessments [16, 20, 21, 22, 23].
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Figure 2.2: An example of one tissue sample as has been used in di ersteps
of experiment: (a) A low resolution stained image of the tissue microay. (b)

The VM image of an H&E stained tissue core. (c) The same core anated by a
pathologist. (d) The unstained adjacent tissue core (VM image). IPase note that
tissue distribution in this image is nearly the same as (b) but nearly immsible
to distinguish by eye. (e) Image taken from the AFM microscope dimg AFM

experiments ¢ 2013 IEEE.
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2.2.2 AFM experimental setup

Prior to AFM experiment, the unstained adjacent slide from the anatated
one was de-para nized with xylenes and hydrated with graded alcadis, then kept

in Phosphate bu ered saline (PBS).

Top-view
Optics

Acoustic
isolation hood

AFM
head

CCD
Camera

Inverted FSTNE
microscope

Figure 2.3: AFM experimental setup c 2010 IEEE.

The Atomic Force Microscope (AFM) system consists of the AFM hebhand
controller (MFP-3D-BIOTM, Asylum Research) and an inverted micoscope (Model:
TE2000U, Nikon, Inc) coupled to it such that the AFM head rests othe microscope
(Fig. 2.3). The whole setup is placed on a vibration isolation table (marfactured
by Herzan) and is isolated from external noise using an acoustic ftboThe X-Y
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range of the automated scanning stage is 90n and the Z-range is 40 m.

The region of the slide containing the tissue cores was encircled byyalfopho-
bic barrier (Fig. 2.4) using a Pap-Pen (Invitrogen Corporation, Cdsbad, CA), and
PBS solution was intermittently added in the encircled region to ensarthat the
tissue cores did not dry up. The barrier prevents the PBS solutiorrdm spilling

over to the X-Y scanning stage while performing tissue-AFM probdignment.

Figure 2.4: Hydrated tissue specimen on microscope slide.

After locating each array core on the slide, the annotated regioms interest
within each core were identi ed by closely following the annotated maj-ig. 2.2(c)]
and 5-8 indentations were carried out within the annotated region.

AFM cantilevers with pyramidal tips have been shown to produce stss con-
centration on the sample and may also potentially damage the tissue4]2 Hence,
AFM cantilevers with spherical glass tips (Novascan Technologiesplerical bead
of diameter 5 m) were used for the AFM indentation experiments (see Fig. 2.5).

Typical probe dimensions are tabulated in Table. 2.1.
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Figure 2.5: CAD drawing of a typical AFM probe used for tissue chackerization
experiments.

Table 2.1: AFM probe parameters used for characterization experents

Typical Parameters

Length, L 130 m
Width, W 35 m
Thickness, t 2 m
Bead Radius, R 5m
Spring Constant 4.50 N/m

2.2.3 Contact-mode operation of AFM

Fig. 2.6 shows a schematic of the contact-mode operation of the ME The
AFM probe is lowered vertically towards the specimen using the piedeetric scan-
ner (also called the z-piezo), while its de ection is measured by monitng the
deviation in laser signal re ected from the backside of the AFM prob and sensed
through a photodiode. When the probe is far away from the specimethe vertical
z position and the de ection, d, are recorded ag; and d; respectively [Fig. 2.6(a)].
As the probe is lowered, it makes contact with the specimen az di) [Fig. 2.6(b)].

The probe is further lowered till its maximum vertical displacement at(z,;d,)
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Figure 2.6: Schematic of contact-mode AFM operation.

17



[Fig. 2.6(c)]. After this, the probe is retracted in the opposite vertal direction.
A 2D representation of the de ection,d, as a function of the vertical displacement,
z, constitutes an AFM force curve [Fig. 2.6(d)]. When the probe is lowered to-
wards the specimen the force curve is termed as tapproach force curve . During
the probe retraction phase, the force curve is termed astract force curve

Given n data points in a force curvé, the net indentation in the sample is

given by the following equation [24]:

=( zn zZ) (dy dy) (2.1)

The AFM measures the probe de ection, which needs to be related force.
For low de ection regimes, it is possible to treat the cantilever probas a linear
spring of spring constantk.. The value ofk. is obtained by calibrating the probe's
spring constant prior to an AFM experiment. The \thermal method' [25] was used
for calibrating the probe's spring constant using Asylum Researcloffware (IGOR

Pro, Wavemetrics, Inc.f. The force,F, then can be related to the de ection by :

F=ke(dy dy) (2.2)

Now that force F and indentation can be obtained from the AFM force

curve, all that remains is to curve-t the force and indentation toa contact model

IHenceforth, by the term \force curve", the approach part of the AFM force curve is implied.
In this dissertation, data analysis was not carried out on the retrect portion of the force curve,

which is typically used to quantify viscoelastic properties.
2Details of the probe calibration procedure are given in chapter 4.
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to estimate the material properties of the specimen. This is discsb in section

2.2.5.

2.2.4 Operating modes for AFM indentation

There are two modes in which the AFM force curves are acquirede ection-
controlled mode and theindentation-controlled mode. These determine the amount

of vertical travel of the AFM probe towards (and into) the specinen.

2.2.4.1 De ection-controlled AFM force curves

The de ection-controlled mode is considered to the be the \gold stalard" for
acquiring AFM force curves, and is the most commonly used mode ds®r AFM
indentation experiments. In this mode, a constant de ection setpnt [(d, d),
see Fig. 2.7(a)] is set and the probe is lowered towards the specintérthe probe
de ection (d,) with respect to the non-contact de ection ;) reaches the de ection
setpoint [Fig. 2.7(b)]. At this point, the probe is retracted from the specimen.
Fig. 2.7 shows the acquisition of an AFM force curve in the de ectionentrolled
mode with 50 nm de ection setpoint. The de ection can be directly riated to
the contact force by multiplying with the probe spring constant, casequently, the
de ection-controlled mode is also termed aforce-controlled mode. Henceforth, this

mode is referred to as the force-controlled mode.
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2.2.4.2 Indentation-controlled AFM force curves

For force curves acquired using the same de ection setpoint thugh the force-
controlled mode, specimen elasticity variations manifest as variabiliiy indentation
(soft materials show larger indentations than sti er materials for he same de ection
setpoint). Therefore, the force-controlled mode is not usefulh&n a constant sample
indentation is desired.

The indentation-controlled mode is used to address this need. In order to
achieve a speci c indentation in a force curve, the contact locatio(zy; d¢) [please
see Fig. 2.6(d)] must be known. However, there is no way for the AFto identify
the contact point in a given force curve: it can only measure the dection, d, and
the vertical z-position, z.

To achieve a target indentation in the indentation-controlled mode,rst an
AFM force curve is acquired for a very low de ection setpoint ( 10 nm) in the
force-controlled mode [Fig. 2.8(a,b)]. The vertical position abscissg at which
this de ection setpoint is reached is recorded [Fig. 2.8(b-inset)]. Em, a target
indentation setpoint is set [Fig. 2.8(c)] and a second force curve iscuired. In this
second force curve, the contact location, is set to z, from the rst force curve.
Based on this estimated contact point, the probe is lowered by thepezo till the
indentation [(z, z«) (d, dk)]reaches the target indentation depth [Fig. 2.8(d)].
In Fig. 2.8, a de ection setpoint of 10 nm and and indentation setpotnof 250 nm
was used for the rst and second force curves respectively.

While the indentation-mode appears attractive, particularly in the ontext of
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Figure 2.8: Screenshot of cropped MFP3D software panel used aoquire AFM
force curves in the indentation-controlled mode. (a) Screenshot 10 nm de ection-
trigger. (b) Acquired force curve with 10 nm de ection trigger. (¢ Screenshot of 250
nm indentation trigger. (d) Acquired force curve with 250 nm inderdtion trigger.
The red and blue arrows indicate the direction of the probe's motion.
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analyzing force curves for mechanical characterization [shallow gmtations (< 50
nm) for a 4 m thick tissue sample) do not provide enough information about the
tissue response, while too large indentatiohsiecessitate complex contact models
that account for nonlinearity in the tissue response], there are sigcant shortcom-
ings of this approach. Firstly, the tissue specimen is indented twice this mode,
as opposed to the force-controlled mode where only one forceveuis acquired at
a given location on the tissue surface. Not only does this double thene taken
to conduct characterization experiments, but this mode also subgts the tissue to
preconditioning e ects due to the e ect of the rst force curve. Secondly, prior
knowledge of the tissue specimen's sti ness is necessary while adqgirthe rst
force curve, because even a small setpoint may result in large tissndentation if
the tissue sti ness in the probed region is considerably less than tipeobe's spring
constant. If this is the case, the de ection setpoint for the rstforce curve has to

lowered and the process repeated.

2.2.5 Data Analysis

The mechanical properties are obtained by processing the foragrves o ine.
Two steps are needed for this: determining the contact pointz(; dy), and curve
tting the post-contact force indentation data to a contact mockel.

To determine the contact point ; di), a derivative-based algorithm (Fig. 2.9)

proposed in [24], was used. In this method, the slope between twoeiion dat-

3The impact of large indentations on the estimated elastic modulus hadeen studied in detail
in Chapter 5.
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apoints d; and d;., is compared to a prede ned threshold valussey,. If the slope
exceedsssep:, then the contact point is estimated to be £;; dy) = ( Zis p=2; di+ p=2).

Based on the experimental force curves, p = 10 argle;,r =5 20 nm is used.

1=1

ey — i —
> > Ssetpt k=i+p/2

Figure 2.9: Contact estimation algorithm.

The Hertz contact model [26] was used for extracting the elasticadulus from
the acquired force curves. The contact forcé;, is related to the indentation, , of

an elastic half-space by:

F = + b (2.3)

whereE; and E; are the elastic moduli of the indenter and the half-space and
1 and , are the Poisson's ratio of the indenter and the half-space respieety. The

contact radius, a, is given by the following relation:

a= pR— (2.4)

Hertzian theory involves the following assumptions:
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Figure 2.10: Hertzian contact of an elastic half-space by a sphereradius R.

1. The sphere and the half-space are homogeneous and isotropic.

2. The indentations and strains in the half-space are in nitesimal ahtherefore

linearized continuum theory is applicable.
3. The contact between the sphere and the half-space are coesetl frictionless.
4. There is no adhesion between the sphere and the indenter.

5. Both the sphere and the half-space are linearly elastic materials.

Assuming the tissue to be incompressible, can be set to 0.5. For the case of
indentation of the tissue with an probe (with an attached sphericdbead),E, Ej,

hence Eqn. (2.3) can be re-written as:

F= 3T LS (2.5)
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2.3 Results and Discussions

The AFM experiments conducted were primarily aimed at examining thdif-
ference in the mechanical properties at (a) epithelial and stromatgions of normal
breast tissue and (b) epithelial and stromal regions of cancerobseast tissue.

Three separate sets of AFM indentation studies were performed investigate
the variations in elasticity in normal and cancerous samples. The caldied spring
constants in each set are tabulated in Table 2.2. The experiments neeconducted

in the indentation-controlled mode by setting an indentation setpoinof 250 nm.

Table 2.2: AFM probe spring constant for all experiments

Set Calibrated Spring Constant Theoretical Spring Constant

1 2.50 N/m 4.50 N/m
2 3.89 N/m 4.50 N/m
3 3.25 N/m 4.50 N/m

A22

Figure 2.11: Histology images (20X magni cation) cropped from fouepresentative
regions probed in set 1. (a) and (b) are regions with normal epitheligA8) and
cancerous epithelial (A13) tissue respectively, (c) and (d) areg®ns with normal
stromal (A22) and cancerous stromal (A12) tissue respectivelg 2010 IEEE.
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Figure 2.12: Force-Indentation plots obtained in set 1 at (a) norma&pithelial regions
(A8), (b) cancer epithelial regions (A13), (c) normal stromal rgions (A22) and (d)
cancer stromal regions (A12) along with their Hertzian ts and themeanR? values.
Inside each annotated region, roughly 5-8 force curves wereéak Note that despite
a target indentation of 250 nm, the tissue indentation varied from30 - 500 nm.
This was primarily on account of incorrect contact estimation in the identation-
controlled mode.
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The force-indentation curves and the associated Hertz ts obiaed by prob-
ing 5-8 locations on each of the annotations (A8, A13, A22 and Al12 ghown in
Fig. 2.11) in set 1 are shown in Fig. 2.12. From the force plots, it is evidethat
cancerous epithelial regions exhibit lower sti ness compared to moal epithelial
regions.

A summary of the results of all three sets of experiments is tabuked in Table
2.3. Inset 1, 23 and 25 regions were probed in normal and cancerepithelial tissue
respectively, and 12 and 18 regions were probed in normal and camus stromal
tissue respectively. The mean elastic modulus of the epithelial reggowas computed
to be 981.80 576.72 kPa and 522.79 274.66 kPa for normal and cancerous tissue
respectively. The mean elastic modulus of the stromal regions wamputed to be
2342.65 968.38 kPa and 1335.58 1087.87 kPa for normal and cancerous tissue
respectively. Using an unpaired t-test, the normal epithelial regins were found to
be signi cantly sti er than cancerous epithelial regions (p = 0.006).

In set 1, the overall sti ness of 35 probed regions in normal tissusas sig-
ni cantly sti er than the overall stiness of 53 probed regions in cancer tissue
(p=0.009). Also, the overall stiness of 30 probed regions in stroah tissue was
signi cantly sti er than the overall sti ness of 48 probed regions inepithelial tissue
(p=0.0001).

In set 2, however, only 3 cancerous stromal regions could be pedb Likewise,
in set 3, only 7 normal epithelial regions could be probed. Undersahmg in the
cancerous stromal regions and normal epithelial regions in setsritleB respectively
was primarily due to (1) fewer annotated regions to sample from an@) region
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Table 2.3: Summary of AFM indentation experiments. Results showrsanean

less than (= 0:05) are highlighted in bold.

standard deviation. P-values

Epithelial

Stromal

Normal

Cancerous

Normal

Cancerous

Sampled Points

23

25

12

18

Set 1| Elastic Modulus (kPa) | 981.80 576.72 | 522.79 274.66| 2342.65 968.38 | 1335.58 1087.87
p-value 0.006 0.015
Sampled Points 37 13 14 3
Set 2| Elastic Modulus (kPa) | 985.99 1059.99| 326.36 128.23| 2288.18 1839.41 y
p-value 0.031 y
Sampled Points 7 21 34 26
Set 3| Elastic Modulus (kPa) y 186.40 204.21| 400.03 328.23 | 308.29 241.91

p-value

y

0.236

¥ Elastic modulus and p-value results in these elds are excluded due tinsu cient sample size arising out of undersampling in

the corresponding tissue regions.



localization errors arising out of manual registration methods, i.e he AFM probings
were carried out outside the speci ed annotations. Hence, no aduasive inferences
could be made about the comparison between epithelial and strontesue response
in normal and cancerous specimens in sets 2 and 3 respectively, #metefore, the
elastic modulus values in the cancerous stromal regions in set 2 amitmal epithelial

regions in set 3 have not been presented in Table 2.3.

2.4 Conclusions

In this chapter, the results of preliminary AFM characterization stidies on
breast tissue specimens have been discussed. The preliminaryibéigtg studies in-
dicate that the AFM holds the potential to objectively distinguish béween normal
and cancerous tissue. It was observed that cancer tissue exhabitsigni cantly less
sti ness than normal tissue and that epithelial regions exhibited lessti ness than
stromal regions. It was also shown that cancerous epithelial reg®were signi -
cantly softer than normal epithelial regions. Overall results indidad that tissue
had higher sti ness as compared to previously reported measurents on cultured
cell lines or isolated single cells [9],[10]; however, this is most likely attrilad to the
general tissue architecture in which the AFM studies are carried auThese results
demonstrate the feasibility of applying AFM on histologically preparedissue sam-
ples; and this approach can potentially provide a unique pathway tcagning insight
into the biophysical changes at the onset and progression of bseaancer and other

diseases.
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The pilot studies also highlighted certain limitations of using the curremnex-
perimental AFM system used for characterizing the tissue specime Since the
AFM allows individual pointwise estimation of local stiness in the tissuespeci-
mens, only fraction of the tissue provided on a TMA specimen could sampled
during each experiment setting. This is primarily due to the laborious ature of
conducting these experiments, where specimens need to be mélgusanslated af-
ter a force curve is acquired on a tissue region. Despite the facttithe AFM user
visually registers stained and unstained tissue images to ensure ARvbbings are
conducted within the speci ed annotated region, such manual regration methods
are not guaranteed to be completely error-free. As seen in thesudts in Table 2.3,
stromal and epithelial regions were signi cantly undersampled by thAFM in sets 2
and 3 respectively due to incorrect probing localizations. This impedent is further
aggravated when the number of annotations are limited. Reducingitman interven-
tion in carrying out these tasks by automating the process of regidocalization
and automated indentation can increase robustness in charad#ng breast tissue
specimens using AFM. This is discussed in greater detail in chapter 3.

The elastic modulus values reported in this chapter also depend oretkpring

constant of the AFM probe being used. While several calibration semes have been
proposed [25][27], all of these methods report on a certain amoumtvariability (
5 17%) [28]. Another concern with AFM indentation experiments is theensitivity
of the estimated elastic modulus to estimation errors in the contagtoint [29]. These
issues are discussed in detail in chapter 4.

While the Hertz model was used to characterize the tissue specirseit is true
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that apriori assumptions of Herztian contact theory are not always applicable t
soft biological samples that often exhibit hyperelastic behavior [30However , the
focus of this preliminary work was to investigate the variations (if ay) in sti ness

in normal and cancerous tissue specimens, and the Hertz modebydes a rough
estimate of the sti ness of tissue specimens. Aspects of constite modeling of the

tissue specimens are discussed in detail chapter 5.
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Chapter 3
Improvements to the AFM experimental protocol for tissue
characterization

3.1 Overview

In chapter 2, it was shown that using stiness measures as a bionkar,
contact-mode AFM could be used to di erentiate spatially between ormal and can-
cerous histological breast tissue specimens. By visually relating isiad annotated
images and unstained images acquired from AFM integrated opticalicnoscope dur-
ing AFM sampling, manual registration of tissue regions of interesROI) with the
stained annotation was performed, and by using manual adjustirgcrews attached
to the base of the AFM stage, the tissue specimens could be aligneithvthe AFM
probe.

In this chapter, some of the shortcomings of using manual regiatron and
positioning methods are discussed in detail that were brie y alludedbtat the end
of chapter 2. As opposed to pointwise tissue elasticity measuretastic maps are
proposed as a technique to quantify the spatial distribution of tigge specimen's
elastic modulus. The development of a semi-automated image-guidedsitioning
system to automate some of the positioning tasks involved in tissubazacterization

is reported in this chapter. Using the developed system, it becomgsssible to
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acquire much larger experimental datasets within the same expemmtal setting.

3.2 Problem Statement and Proposed Solution

There were several experimental challenges that were encouatein the pre-

liminary AFM characterization studies in chapter 2. These are elabated as follows:

Low sample size:In the preliminary characterization studies, 78, 67 and 88
regions were sampled in experimental sets 1, 2 and 3 respectivelyhil the
tissue elasticity did display a trend, characterization studies for cwlusive
histopathological inference would clearly require much larger datts, poten-

tially in the order of hundreds or thousands.

Low throughput during AFM experiments:One of the primary causes for low
sample size was the repetitive manual positioning tasks that werequered
to be carried out in between two consecutive force curve acquisité These
included (a) moving the tissue slide so that another tissue region insidhe
annotation could be sampled, (b) manually registering the stained dnun-
stained images and (c) translating the tissue slide to probe annotat regions
in a di erent core. All these tasks carried out multiple times leads to AM
operator fatigue, and severely restricts throughput. A owch# showing the

various steps involved in manual tissue characterization is shown ingr 3.1.

Lack of Automated Registration: As stated in the previous bullet point, man-
ual registration remains another major impediment to improving thoughput
in conducting AFM based tissue characterization. The relatively lagglength
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Position slide underneath
AFM head such that tissue
core is in the eld of view (M)

( Register annotation on stained )
image with unstained image
at low magni cation (M) )
N
Align annotated region
with the AFM probe (M)
S J

Change objectives to higher
magni cation and re-adjust
L focusing and scene lighting (M)

Perform tissue registration
at higher magni cation (M)

magni cation and re-adjust

Change objectives to lower L
focusing and scene lighting (M)

-/

Is Reg-
NO istration
accurate
(M) ?

YES

L AFM Probing (M) }

Relevant

Points in
annotation
probed

NO

{ Manual Positioning (M)

M) ?

YES

Figure 3.1: Flowchart describing manual AFM indentation experiments. (M) = Manual,
(A) = Automated. 35
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Figure 3.2: Manual registration between unstained and stained imag (a) Stained
TMA core image annotated by the pathologist as regions Al, A2 and3A (b)
Bright eld image while performing AFM indentation on a point in annotation A3
after manually registering the stained image (c) Stained TMA core ingge overlaid
with the points probed during AFM experiments on the unstained slide Observe
that annotation A2 has been incorrectly sampled by the AFM.
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scale of the TMA cores ( 600 m in diameter) implies that the whole tis-
sue core is not visible at high magni cations under the optical microspe.
Therefore it becomes necessary to zoom in on a ROI to locate arsains
desired to be phenotyped and then revert back to a coarse magration to
get a larger perspective of the alignment of the ROI and the AFM pime (see
Fig. 3.1). Furthermore, the image of the tissue specimen acquireg the op-
tical microscope has to be registered with the stained and annogat image to
ensure the AFM probing is restricted to the annotated regions orhe stained
image. Poor image contrast in the unstained slide leads to di culty in maual
registration of the stained and unstained images and as seen in tlesults in
chapter 2, it might lead the AFM operator to conduct probing outsi@ the

regions annotated by the pathologist (see Fig. 3.2).

Hypothesis: Positioning and registration automation can overcome several
of the aforementioned shortcomings of using manual AFM probéssue alignment
prior to tissue indentation.

The following solutions are proposed to improve the AFM experimeritg@ro-

tocol for tissue characterization using AFM:

Raster scanning for generating elastic map®y acquiring a set of force curves
from points at precise spatial intervals on a tissue region of inteteROl), a
two-dimensional map of the tissue elasticity can be constructed. aéh force
curve can be processed and assigned a de nite pixel of a topodrapimage,

where the pixel value corresponds to the elastic modulus of foragee acquired
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at the pixel location. This resulting image is typically called an \elastic mp"

[31] or a \force-volume" [18].

Elastic maps are proposed as a technique to quantify the spatial ttibution
of tissue specimen’s elastic modulus. The AFM X-Y stage, which is typi-
cally employed for imaging applications, can be used for positioning thissue

specimen at pre-speci ed spatial intervals.

Table 3.1: X-Y travel range of automated AFM scanners, arrangein increasing
order of their travel range.

AFM Vendor (X-Y) Stage Vendor Travel Range (m )
Asylum Research Inc. Asylum Research, Inc. 90
Agilent 5420 Agilent 90
JPK Instruments, Inc. | Tip Assisted Optics (TAO) stage 100
from Physik Instrumente, Germany
Bruker, AXS Bruker, AXS 150

Large scanning operations with improved registrationWhile the commercial
AFM X-Y stages are capable of closed-loop accurate position caoltr they
are limited by their range of travel ( 90 - 150 m ) range for closed-loop
positioning (see Table 3.1). For acquiring elastic maps on small tissu®©R,
the AFM X-Y stage might be su cient, however, it would not be possilde to
scan regions beyond a 9 90m ROI. Moreover, the AFM X-Y stage still

does not resolve the registration problem.

To account for large ROI scanning operations and repeated marnuagistra-
tion, a semi-automatedimage-guided positioning systeniiGPS) is proposed.

Essentially, this system uses a micromanipulator with a large X-Y tral range
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to align the tissue specimens with the AFM probe prior to AFM indentaibn
using closed-loop image feedback from the camera mounted to theerted
microscope. As described later in section 3.5, this system also addes key

manual registration challenges.

In the subsequent sections 3.3, 3.4 and 3.5, details of the design anglementation

of the IGPS system are discussed.

3.3 AFM experimental setup with the IGPS

In the modi ed AFM system, an additional motorized MP-285 micromaip-
ulator (manufactured by Sutter Instruments, Novato, CA) is ugd for translating
the tissue slide, which is situated at the base of the microscope orethibration
isolation table. Attached to the MP-285 is a custom-made end-e &ar to which the
tissue slide is mounted. The slide is placed between the AFM X-Y stagachAFM
probe. The MP-285 has a step resolution of 40 nm and a range of 2¢sd on both
X and Y axes, and this enhanced X-Y travel range makes it possible scan ROIs
much larger than 90m  90m .

Since the forces measured during AFM indentation experiments ane the
nm-range, chatter in the end-e ector or the slide can lead to incogct mechanical
property estimation and can potentially damage the AFM probe andhe tissue
sample. To eliminate vibrations in the slide, the end-e ector was fabrated using
Aluminum and the slide was clamped to the end-e ector using a clampingcrew

(Fig. 3.3 inset). Additionally, an adhesive tape was used to rmly attah the slide
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to the end-e ector. It was observed that using this arrangementhere were no

perceptible vibrations in the slide/end-e ector, as mentioned in séion 3.5.

< &
&
%
/
"
# $

Figure 3.3: AFM Experimental Setup with the MP-285 micromanipulato ¢ 2013
IEEE.

3.4 Image-Guided Navigation

3.4.1 Tracking of the ROI

The presence of vision in the loop allows the AFM operator to select artain
ROI and place the ROI underneath the AFM probe tip in an automatedman-
ner. Some of the popular tracking algorithms are gradient-basedethods like the
Kanade-Lucas-Tomasi (KLT) feature tracker [32] and the Scalmvariant Feature

Transform (SIFT) [33]. However, as seen in Figs. 2.2(d) and 2.2(e) ahapter 2,
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the unstained tissue images are characterized by low contrast atiterefore unique
feature vectors are dicult to compute. In many cases, feature of high contrast
(extracted from the images) have been external particles in theuid environment,
which tend to move around randomly during the motion of the tissuelide under-

neath the AFM probe (see Fig. 3.4).

Figure 3.4: Extracted features with strong intensity gradients. ®serve that promi-
nent features are impurities oating in the liquid environment of the ample.

As a result, normalized cross-correlation based template matchirdgorithm
[34] is used to ensure robust tracking of the ROI during the motionf éhe slide (see
Fig. 3.5). Though the applicability of such methods are conditional ugn uniform
scene lighting and in-plane translation without rotation, these coritions could be
enforced by: (1) manually adjusting the external lighting and (2) esuring that there
is no relative motion in the various interconnected parts of the end-ector.

The implementation of the tracking algorithm is given as follows:

For an image, I+ = fI(px;py;t)j0 Px R;0 Py Cg, and a ROI,
T=1T(pp;)j0 pc 0O p, cg, wherel, and T are the image and the

ROI respectively at thet™ frame, the estimated position of the ROI at thet + 1™
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Figure 3.5: Normalized cross correlation algorithm used for trackingt two time
instants (a) and (b). The top images correspond td; = | (py; py;t) with the ROI
marked with a white box, while the bottom ones are the result imageR, where
with the estimated ROI position (B.:+1; By.t+1) appear as spots of high intensity.

frame is given by [34]:

(Pxct+1: Byte1) = arg max R (3.1)
x Py

whereR, the result image is given by:

X 0.0 0. 0
[T(px1py)|t+l (pX + Px s Py + py)]
Py Py
R= s TOVEe = N (3.2)
T(pei Ry) leer (Px + PPy + Py)
Py Py Py Py

The numerator of the expression in Egn.(3.2) indicates the correlan of the image
and the ROI, while the denominator is the normalizing term to ensurehiat general
lighting di erences in both the image and the ROI do not a ect the tracking algo-

rithm signi cantly. The tracking algorithm was implemented in Visual C++ using
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OpenCV libraries [35].

3.4.2 Control Scheme

The control law in discrete state space form is given by:

X (k+1)= X (k)+ u(k) (3.3)
Y (k) = SRX (k) (3.4)
where
2 3
sx 0 coy o) sin( o)
s=§ L Rr=§ L @)
0 s sin( o) coH o)
h I h it
Y = pc py andX = x Yy represent the image and manipulator

frame coordinates respectivelyR is the rotation matrix between the manipulator
and the image frame whileS is a scaling matrix relating the two frames. The
parameters ofR and S are estimated in a pre-experiment calibration step using a
cover-slip with uniform grids marked at 100 m separation, as shown in Fig. 3.6.
u (k) is the control input in the manipulator frame.

To estimate the control input, a gradient-descent based approla [36] is used,

where the control input u (k) is based on the gradient of the function:

FIX (KI=[X (k) Xl X (k) Xipl (3.6)
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Figure 3.6: Calibration of the scaling matrixS using a cover-slip with uniform grids
at 100 m .

The control input u (k) is therefore given as:

u(k)= (Kr FIX (K] = 2 (KX (k) Xup] (3.7)

where the step size (k) is given by:

8

2 _ 0 X (K) X i >
(k) = 2iX (k) Xipli I (k) to )
>

0 X (k) Xl - (3.8)
o is a constant that determines the magnitude of the incremental avel of
the ROI towards the probe tip X 4, . The positioning is terminated once the ROl is
within a radius of from the probe tip, where is a preset parameter.
It is vital to ensure that parts of the tracked ROI are not occludd by the
AFM probe during positioning since the template matching algorithm rguires the

entire ROI to be visible in the image space. As a result, the estimatedgition of
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the slide in image coordinatesy , is selected to lie on the upper-corner of leading

edge of the ROI, as shown in Fig. 3.7(b).

3.5 ROI positioning protocol

60pm

Figure 3.7: Tracking protocol for probe-ROI alignment at 10X and @X. (a) Stained
image of tissue core annotated by the pathologist at low resolutiod@X). (b) Bright-
eld image from the AFM-optical microscope. A coarse ROI is seleaeto match
one of the annotated regions in (a). (c) Positioning at 10X. (d) Resgfration of the
coarse ROI at 20X ¢ 2013 IEEE.

Using the tracking algorithm and the control law described in sectio.4, the
following protocol is implemented for alignment of the tissue ROl andhe AFM

probe tip (see Fig. 3.7).
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A coarse ROI is selected at low magni cationrf; = 10x), after visually cor-
relating the annotated regions from the stained image [Fig. 3.7(a)jhd the
bright eld image from the AFM-optical microscope [Fig. 3.7(b)]. The AM

probe tip is also selected visually at the same magni cation [Fig. 3.7(b)].

Based on the tracking algorithm and control law discussed, the RG$ posi-

tioned within an error of , chosen to be 2m [Fig. 3.7(c)].

The objectives, lighting and focusing are altered manually at higher agni -
cation (m, = 20x) to ensure that the probe tip and the ROI is in focus and
the scene is uniformly lit. The AFM tip is then selected visually by the use
at high magni cation, m,. Since the probe tip is stationary, it serves as a ref-
erence for the coarse ROI, which is recreated at a distano® =m; from the
tip at m, magni cation [Fig. 3.7(d)]. This allows registration of the same ROI
across multiple magni cations At m, magni cation, ner details are visible
to the user and a part of the recreated ROI is selected, called thegbing ROI,
which is probed by the AFM. The remaining part of the recreated ROs$erves
as the tracking ROI. The probing ROI is then sampled in a raster fastn,

while the tracking ROI is used to provide image feedback [Fig. 3.7(d)].

In the IGPS, the user has to visually register the stained and unstaed images
only twice during the course of the experiment: rst, during the dection of the
Coarse ROI at low magni cation and second, during the selection ohé probing
ROI at higher magni cations (see Fig. 3.8). This is a marked improvenm¢ over
manual registration procedures, where the AFM user has to visiha register the
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Calibrate the elements
of S and R matrices (M)

Position slide underneath
AFM head such that tissue
| core is in the eld of view (M)

|

Locate the AFM probe tip
and register coarse ROl with
annotation on stained image

at low magni cation (M)

i

Position coarse ROI so that
the leading edge is within an
error from the AFM tip (A)

Change objectives to higher
magni cation and re-adjust
L focusing and scene lighting (M)

Perform tissue registration
at higher magni cation (A)

( N\
Select the probing ROI (M)

. J

—{ Raster Positioning (A) }

{ AFM Probing (M) }

!

Relevant
Points in
probing
ROI
probed
(A) ?

NO

Figure 3.8: Flowchart describing AFM indentation experiments usinghte image-
guided positioning system (IGPS). (M) = Manual, (A) = Automated.
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annotated ROI on the unstained image periodically to ensure that hhAFM probings
are carried out within the speci ed annotations (see Fig. 3.1).

A representative AFM force curve obtained from samples mountedn the
IGPS is shown in Fig. 3.9(a) and Fig. 3.9(b). Minimal uctuations in the ¢ ection

data is indicative of negligible vibrations introduced due to the end-ector design.

(nN)

(nm)

(pm)

Figure 3.9: (a) Representative AFM force curve on a tissue sampleoomted on the
end-e ector. (b) Corresponding force-indentation curve ové&id with the Hertzian
t and (c) Tracking Performance c 2013 IEEE.
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The positioning accuracy is demonstrated in Fig. 3.9(c), where thdide is
translated from its original position (262,226) toY 4, = (163;362) in the image
space. The positioning errors at the completion of alignment at 10xnd 20x were

1.6 m and 0.8 m respectively, which are acceptable alignments errors.

3.6 Results and Discussion

A combination of the AFM X-Y stage and the IGPS was used to obtainlastic
maps from the tissue specimens. In the case of the AFM X-Y stadbe annotations
on the stained slide were manually registered with the unstained slidacha 60m
60m ROI inside the annotation was raster-scanned. In the case of théPS, the
protocol given in section 3.5 was followed to de ne the probing ROI omhich raster-
scanning was performed.

Due to the relative ease of the force-controlled mode, this mode svased to
acquire the force curves and a de ection setpoint of 50 nm was dseUsing the
contact point estimation scheme [24] and the Hertz contact modi6] described in
chapter 2 to t the experimental data, the AFM force curves wee post-processed

to obtain the elastic maps.

3.6.1 Characterization of Epithelium-Stroma boundary

Due to the sharp di erences in elasticity in the epithelial and stromatissue
regions in both normal and cancer specimens, the boundaries oésk two tissue

types were identi ed and raster-scanned.

49



60pm

60um

60pm

Figure 3.10: Elastic maps on normal tissue cores along with their ceponding
bright eld images.
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H E
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Figure 3.11: Elastic maps on cancer tissue cores along with their aponding
bright eld images.
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Raster-scanning results on the epithelium-stromal tissue boundkes on normal
and cancer specimens are shown in Figs. 3.10 and 3.11 respectivelye Trst
column in Figs. 3.10 and 3.11 correspond to the bright eld image of therobed
region on the tissue core, while the second column represents tlegresponding
elastic map. The rst row images in Figs. 3.10 and 3.11 correspond ttastic maps
on probing ROIs (115m  160m ) and (90m  130m ) on a normal and cancer
core respectively, acquired by the IGPS and sampled an® spatial intervals. The
second and third row images in Fig. 3.10 and Fig. 3.11 correspond to MFX-Y
stage acquired 66n  60m elastic maps sampled at 3 m spatial intervals.

In all the elastic maps, a clear delineation between the two tissue regs is
clearly observed: the softer regions correspond to epithelial s while the sti er
regions are the stroma. These results validate the observationsahapter 2, where
epithelial tissue in both normal and cancerous specimens were maleformable

compared to stromal tissue.

(nm)

(pom)

Figure 3.12: Uninterpretatble force curve with no prominent nonantact regime.

It should be noted that during the raster-scanning, some forceuxves were
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acquired where no de ned contact point existed, as shown in Fig. 21 These
types of force curves are typically acquired when the tissue speeimmhas started
translating before the probe has completely retracted from thepecimen surface
[37]. These uninterpretable force curves were not considered imstructing the

elastic map, and pixels corresponding to these force curves weseplaced by blank

white spaces, as seen in Figs. 3.10(d), Fig. 3.10(f) and Fig. 3.11(d).

3.6.2 Characterization of patient speci c tissue specimean

The preliminary characterization experiments in chapter 2 were cducted on
normal and cancer tissue cores compiled from multiple patients. Irhis section,
patient-speci c tissue characterization results are reported,rpnarily to investigate
if there was any tendency of the tissue response depending on tbetient from

whom the cores were extracted.

Table 3.2: AFM experimental setting parameters.

Set Patients Calibrated Spring Constant Theoretical Spring Conant

1 AB,C 0.596 N/m 0.95 N/m
2 DFGH 0.589 N/m 0.95 N/m

Two sets of experiment were conducted to investigate the tissuesponse from
7 patients (details in Table 3.2). Patient-specic results are tabulagd in Table
3.3. On observation, it can be seen that that stromal tissue is stirrcompared to

epithelial tissue, as observed previously during raster scans atthpithelium-stroma

interface.
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Table 3.3: Summary of AFM raster-scanning results on patient spiectissue specimens. Results expressed as

mean standard deviation.
Epithelial Stromal
Normal Cancerous Normal Cancerous
Patient A Sampled Points 2285 537
Elastic Modulus (kPa) 419.65 312.41 1149.10 675.10
. Sampled Points 1144
Patient B | £ 1astic Modulus (kPa) 461.86 264.09
. Sampled Points 576 565
Patient C .
Elastic Modulus (kPa) | 512.34 251.53 902.73 524.86
, Sampled Points 1152
Patient D | £\ stic Modulus (kPa) 359.49 236.16
. Sampled Points 2304
Patient E | £1astic Modulus (kPa) 152.20 111.46
. Sampled Points 576
Patient F | £ astic Modulus (kPa) 714.82 348.07
Patient G Sampled Points 3452

Elastic Modulus (kPa)

240.61 144.15




It was also observed that cancer epithelial and normal epithelial 8se response
was not uniform across patients. While patients A and B show similar ra@ elastic
modulus in cancer epithelial regions, patients D and E show vastly disslar elastic
modulus values. Cancer epithelial regions in Patient E showed signily lower
tissue response compared to normal epithelial regions in Patient Gowever, when
the cancer epithelial response from Patient D was included (condead in the same
experimental setting), the hypothesis of reduction in elastic modius with cancer
progression could no longer be considered valid.

These results clearly indicate that normal and cancer tissue extii@d from the
same patients are necessary to draw meaningful conclusions abtiesue property
alterations with cancer progression. Due to time constraints andnavailability of
paired tissue specimens from the same patient, tissue responsefthe same patient

could not be investigated, and this remains a subject of future wir

3.7 Conclusions

In this chapter, several improvements to the original AFM experimntal pro-

tocol was proposed. The major contributions in this chapter aresafollows:

1. Improved Sample SizeUsing a combination of the AFM X-Y stage and an
image-guided positioning system (IGPS), sample size (upto two orden mag-
nitude) could be signi cantly increased, thus con rming the reseah hypoth-
esis of this chapter. The AFM X-Y stage is employed to perform smadcans,

while the IGPS allows scans on much larger ROIs. This is especially relet/to
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the study of relatively large histopathological breast tissue microeays, where

malignancies of interest are not easily isolated within a small tissue reqg.

2. Improved Registration: The use of the image-guided positioning system allows
signi cant reduction in manual registration of the stained and unstined im-
ages. The user requires to perform manual registration only twickiring the
course of the AFM experiments, as opposed to reviewing the positiof the
ROI on the unstained image with respect to the annotated image gedically

in manual positioning operations.

There are, however, certain limitations with the IGPS, which are elalrated

as follows:

1. User interventions in microscope operations requiredThough manual posi-
tioning operations could be signi cantly reduced, the AFM user is stillre-
quired to shift objectives, alter the objective focal length and gdst the scene
lighting manually. It is possible to automate these tasks, howeverhése au-
tomated options are not currently available in the inverted microsqee (Nikon

TE2000U).

2. Absence of automated registration between the stained anustained images:
Further user intervention could be reduced by performing autonted registra-
tion between the annotated regions in the stained and the unstaiddissue
images. This would require performing multimodal registration sincehe two
images are acquired by di erent scanning systems in dissimilar lightinghe-
ronments.
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Larger datasets implied that stronger conclusions could be drawnom the
AFM measurements. While delineations at the boundaries of epitheliuand stroma
tissue could be clearly seen, it was also observed that the tissue gedies also
depend on the patient from whom the tissue cores were extractedt is therefore

proposed that normal and cancerous tissue pairs from the samaipnt be extracted

and characterized by the AFM.
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Chapter 4
Probabilistic Estimation of the Elastic Modulus

4.1 Overview

In chapter 3, it was demonstrated that by using an image-guided pihioning
system with a range much larger than commercial AFM stages, cotsrable hu-
man intervention could be reduced in AFM tissue characterization @eriments. In
addition to reducing the time taken to conduct the experiments, laye-scale AFM
indentation data acquisition was shown possible. To exploit the full gential of the
image-guided automated positioning system, it is necessary to degerobust com-
putational methods to automate the mechanical property extretion from large-scale
raw AFM force curves.

As discussed in chapter 2, an accurate material characterizatiggrocedure
from the AFM experimental data entails unequivocal determinatiorof the following
experimental parameters: the contact point on the AFM force gue and the spring
constant of the AFM probe. A derivative-based algorithm was usetb determine
the contact point [24], and the thermal method was used to calibratthe AFM
probe spring constant [25] to obtain the results in chapter 2. Thehallenges in
accurate determination of the contact point and the probe springonstant were
brie y alluded to at the conclusion of chapter 2.

In this chapter, the sensitivity of the estimated mechanical prop# to uncer-
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tainties in these two experimental parameters are discussed in ditt A probabilistic
mathematical model based on Bayesian analysis is proposed to estienthe mechan-
ical property after accounting for observed uncertainties in theontact point and
the probe spring constant. In section 4.2, causes for uncertairin the experimental
parameters are reviewed. In section 4.3, the details of the mathatical model are
described. In section 4.4, results of implementation of the model simulated and
experimental AFM force curves are shown. This chapter closes Wwitliscussions of

the proposed model with its merits and demerits in section 4.5.

4.2 Problem Statement and Proposed Solution

4.2.1 Uncertainty in the contact Point

The determination of the contact point is a vital component of the rachanical
property extraction process because it determines the amouriftindentation caused
due to the vertical travel of the AFM probe. A representative AM force curve
on a xed mouse Embryonic Stem Cell (mESC), is shown in Fig. 4.1. It isvalent
from Fig. 4.1 that the force curve displays a smooth transition frorthe non-contact
regime to the contact regime. This is typical of compliant biological saples like
cells and tissue, and this smooth nature of the transition leads to msiderably
di culty in ascertaining the contact point. On sti substrates in air, the AFM force
curve while approaching the sample shows a prominent attractivegen (primarily
contributed by the van der Waal's forces and capillary forces [38]), hich causes

the rst derivative of the force curve to change sign when the caéact forces take
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over [39]. However, this approach is invalidated for compliant specime like cells
and tissue in liquid environments. As seen in the Fig. 4.1, there is no peptible

attractive region in the approach curve while indenting biological spemens.
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Figure 4.1: Representative AFM force curve on mESC, with candidatcontact
points shown in red blocks: (a) Whole AFM force curve and (b) tranon region
from non-contact to contact regime.

The e ect of uncertainty in the contact point on the elastic moduluscomputed
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using a Hertzian t[24]is shown in Table 4.1. Over a wide range of candite contact

points, the elastic modulus varies by a factor of 42% [expressed asr( - max)/ave
]

Table 4.1: Variation of elastic modulus with change in contact point.

Contact Point 1 2 3 4 5 6 7
Elastic Modulus (kPa) | 13.28 14.29 15.35 16.50 17.72 19.03 20.52

Over the years, researchers have proposed various stratege®stimate the
point of contact in AFM force curves. Most contact estimation algothms can be
broadly divided into three categories : purely t-based, purely devative based and
a combination of t and derivative based algorithms. Following is a brieflescription

of the existing algorithms in literature, together with their strenghs and weaknesses.

Purely Derivative-based Approaches

{ Pillarisetti et al. [24] and Nyland and Maughan [40] assumed contact
when the rst derivative of the de ection with respect to the Z-pasition

exceeded a threshold.

{ Radermacher [41] detected the contact point as the point of disatinuity

in the rst derivative of the raw force curve.

{ Advantages: These methods are independent of the contact-model used

to extract the material properties.

{ Disadvantages:Computing derivatives in the presence of noisy data could

lead to incorrect estimates. Moreover, smoothness of the traien re-
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gion might preclude any prominent changes in the rst derivative offe
de ection. In addition, selection of the threshold parameter to dect the
change in the de ection derivative [24],[40] is largely subjective and is

prone to noise in the non-contact regime.

Derivative and t-based Approaches

{ Jaasmaet al. [39] used a piecewise quadratic function to t the de ection
data in the force curve, and estimated the contact point as the pa
where the extrapolated rst derivative of the tting function exh ibited

zero-crossings.

{ Charras et al. [42] and Radermacheet al. [43] solved for the contact
point and the elastic modulus simultaneously by taking two points on

force curve, whose existence in the contact regime was beyonalato

{ Dimitriadis et al. [44] performed a unconstrained sequential search for
the contact point by tting the force curve to a modi ed Hertz contact

model, and selected the point that led to the best t as the contacpoint.

{ Lin et al. [29] used high-order derivatives to obtain a truncated dataset
where linear elasticity theory was valid. Following this, a sequential
search for the contact point was performed by tting all the poins to
the right of the candidate contact point. The datapoint that led to the
best t was chosen as the contact point. Crick and Yin [45] used acant
method to truncate the AFM force datasets to ensure applicabilityof
linear elasticity theory, following which a tting protocol similar to [29]
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was used to estimate the contact location.

{ Advantages:These methods, when used on smoothed datasets, are inde-

pendent of noise in the de ection data.

{ Disadvantages:Fitting (truncated) datasets to pre-established contact
models makes implicit assumptions on the nature of material being in-

dented. In many cases, the contact model is not beforehand.
Purely t-based Approaches

{ Costa et al. [1] used a bi-domain polynomial (BDP) t (linear pre-contact
and Hertzian contact regime) for the whole dataset. The estimadecon-

tact point was the point that resulted in the best t for both regimes.

{ Polyakov et al. [46] performed segmentation of the AFM force curve
into electrostatic and contact regions using a least-squares optiation

approach.

{ Advantages: These methods do not require truncation of the datasets,
which is often a subjective exercise. Also, absence of derivativenpu-

tations eliminates the need of smoothing the raw datasets.

{ Disadvantages:Fitting datasets to pre-established contact models makes
implicit assumptions on the nature of material being indented. In man

cases, the contact model is not beforehand.

Research has also been directed towards developing methods tblatiate the
need to accurately determine the contact point. Al-Hassaet al. [47] developed an
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approach termed as Force Integration to Equal Limits (FIEL) to dtain qualitative

maps of relative elasticity in a biological sample. Brie y, the FIEL appoach involves
integrating the raw AFM force curves to the same limits (i.e. maximum @ ection).

The authors reported that varying the contact point by a few daapoints resulted
in very small changes in the computed integral. The sti ness at di eznt spatial
locations was then expressed an a non-dimensional parameterymalized by the
integral at a given spatial location.

A relatively new approach to estimate the contact point was recelyt proposed
by Rudoy et al. [48], which involves a Bayesian Changepoint model to obtain pos-
terior distributions of the contact point along with the elastic modulis. As opposed
to the other approaches stated before which are primarily pointdsed, a Bayesian
formulation generates distributions that makes it possible to invegjate the vari-
ability in the elastic modulus caused due to the contact uncertaintyThe Bayesian
formulation proposed in [48] can be looked upon as a probabilistic emston to the
bi-domain polynomial (BDP) tting approach proposed by Costaet al. in [1], which

is a maximum-likelihood based approach to estimate the contact point

4.2.2 Uncertainty in AFM Probe Calibration

As stated previously in chapter 2, the de ection data,d, is related to the

elastic modulus using the Hertz model as shown below:

p_—

F = kc(dn dk) = 34E R 15

) @4
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where k is the contact point index in a dataset ofn datapoints, k. is the AFM
spring constant,E is the elastic modulus and is the Poisson's ratio of the material
being indented. Since the elastic modulus scales with the spring constank., any
uncertainty in k. leads to a proportional change irkE.

Due to potential inaccuracies during microfabrication, AFM probesre typi-
cally calibrated prior to their use. Various calibration methods have éen proposed

by researchers. Some of the most prominent ones are:

1. Sader's Method [27]: This method uses the probe dimensions, fundamental
resonance frequency and the quality factor of the noise speatrwf a cantilever
vibrating due to the thermal energy of the surroundings to calibi@ the spring

constant of the probe.

2. Thermal Method [25]: Similar to Sader's Method, the thermal method utilizes
equipartition theorem to estimate the probe spring constant of aamtilever

vibrating due to the thermal energy of the surroundings.

3. Cleveland Method [49]:The Cleveland method determines the probe spring
constant from the decrease in resonant frequency resulting rfincthe attach-

ment of known masses to the probe.

4. Reference cantilever based methods [50This method involves deforming a
probe of unknown spring constant against a known (referencelgbe, and then
measuring the deformations to estimate the spring constant of ¢hunknown

probe.
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Of the aforementioned calibration protocols, the rst three are mst com-
monly used to estimate the spring constant. Of these, the therrhenethod [25] has
emerged as a preferred choice of many researchers over (a) $laeler method [27]
because it requires no prior knowledge of accurate dimensions af fhrobe and (b)
the Cleveland method [49] because of its relative ease of use, asospd to the
cumbersome procedure of mounting masses on AFM probes [49]. sBmuently, the
thermal method is used to calibrate the AFM probe spring constanising Asylum
Research software (IGOR Pro, Wavemetrics, Inc.)

The thermal method involves determination of (1) the sensitivity othe pho-
todiode, commercially called Inverse Optical Lever Sensitivity (InvOS) [nm/v] and
(2) fundamental resonant frequency of the probe. Following is #ep-by-step process

to obtain the spring constant:

An AFM force curve is obtained on a tissue-free hard glass surfaoé the

microscope slide [Fig 4.2(a)].

The slope of the approach force curve is computed.

The InvOLS is computed from the slope of the force curve, aftergorporating
correction factors that accounts for the approximation of AFM pobes as ideal

springs and nite laser spot size on the probe end [51].

The probe is withdrawn from the surface of the microscope slide amimade

to vibrate in response to the thermal noise in the uid surroundings

A Lorentzian function is then tted to the thermal spectrum after visually
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Figure 4.2: AFM Probe Calibration using the thermal method. (a) An AM force
curve on a tissue-free hard glass surface and (b) thermal speoh of the probe in
PBS solution. The rectangular probe of Table 4.2 (rated compliancé 8.222 m/N)

was used to generate these results 2014 IEEE.
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locating the position of the fundamental frequency [Fig 4.2(b)]. Thentegral

of the Lorentzian, P, is then computed.

The spring constant is nally computed as:

kg T

k= BnvoLs)? “-2)

While the calibration protocol discussed is fairly straightforward, iterpreting
the calibration results is a challenging exercise. Most calibration sches report
variability between 5-17%[52]. Carrying out calibration experiments itiquid envi-
ronments add to further complexity in accurate determination oftie probe's spring
constant. Calibrated spring constants have shown large variatisrdepending on the
viscosity of the liquid medium. Pirzer and Hugel [53] reported an emrof 25% in 4M
phosphate solutions and upto 100% in highly viscous solutions. It wabserved that
improving the thermal spectrum tting function to estimate the spring constants
led to reduced errors in the calibrated sti nesses.

A relatively new technique of AFM probe calibration is the use of laserogpler
vibrometry (LDV) based interferometric methods [54] to measurthe actual vertical
displacement of the probe tip, as opposed to the optical detectionethods used in
standard AFMs that measure the angular de ection of the tip end LDV-integrated
AFMs have recently gained a lot of popularity for dynamic AFM method in liquids
[55]. Gates el at [28] recently reported calibration errors within 2%gompared to

around 5% at best for the thermal method of calibrating AFM probs; however,
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Table 4.2: Summary of AFM probe calibration results using the thermiamethod.
Results expressed as mean standard deviation.

Probe Rated Comp- InvOLS Fundamental Calibrated
Geometry | liance (m/N) (nm/V) Freq. (kHz) | Compliance (m/N)
V-Shaped 16.67 87.72 3.66 | 3.77 0.13 16.38 1.63
(Probe 1)

Rectangular 0.222 178.36 1.88| 62.68 2.75 0.328 0.032
(Probe 2)

LDV-integrated AFMs have yet to be commercialized, and the theral method is
used for calibrating the AFM probes in this dissertation.

It is worth mentioning here that henceforth, the probe spring constant
is referred to by its inverse, i.e. probe compliance, s = 1=k.. Such a
transformation is a necessary step for expressing the uncertgiim the AFM probe
calibrations as an error-in-variables (EIV) regression problem, a®en later in this
chapter.

A summary of 20 calibration experiments using the thermal methodf two
probes in PBS solution prior to and after the completion of the AFM egxeriment are
shown in Table 4.2. As seen from the thermal noise spectrum in [Fig 4 the
location of the fundamental frequency is not sharp due to the low -€actor of the
surrounding uid. As a result, proper tting of the noise spectrumto a Lorentzian
is challenging. From Table 4.2, it can be observed that the probe coligmce shows
10% errors, which are in good agreement with previously reportednability with
the thermal method [52].

The aforementioned factors of uncertainty clearly pose a seriobsdrance in

obtaining accurate estimates of the mechanical properties of gpaens subject to
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AFM indentation. This need is further underscored in light of fact ttat mechanical
characterization results on biomaterials such as breast tissue speens are quite
often followed by statistical hypothesis testing for inference pposes, for example,
t-tests [10]. Pointwise estimation of the mechanical properties witlut accounting
for the underlying uncertainty can lead to erroneous conclusionsspecially when the
computed p-values for the chosen hypothesis test are close te thvel of signi cance,
Indeed, hypothesis testing methods that incorporate intervalincertainty [56]
reduce the possibility of inference errors compared to conventadrhypothesis testing
techniques which assume that the exact values of the estimatesatnown. An
accurate inference test, however, has to be preceded by an mggeh that quanti es
the elastic modulus with its associated interval uncertainty in a robst manner [57].

Error quanti cation in AFM studies has been recently shown by [58], Were
studies were conducted in air to measure the elastic modulus of relaety sti sub-
strates like cellulose nanocrystals. However, the e ect of contaancertainty was
not investigated, which is considerably lesser in air compared to liquid.

Hypothesis: Accuracy of the estimated elastic modulus can be signi cantly
improved by developing robust uncertainty quanti cation technigwes using Bayesian
methods.

In this chapter, a rigorous statistical approach using an integrad error-in-
variables (EIV) based Bayesian Changepoint formulation is propa$do estimate
the elastic modulus of biological samples as a function of both the t¢act point
and the AFM probe compliance variability. The probe compliance variality is
modeled using the EIV formulation, which is typically used in cases wrethe in-
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dependent variables in a regression model are observed with esrodse of Markov
Chain Monte Carlo (MCMC) methods makes it possible to factorize th@int pos-
terior distribution and obtain samples from the marginal posterior ttributions.
The proposed algorithm is validated on simulated data and implementesh AFM
datasets obtained from indentation studies on breast tissue spmens. Finally, a
sensitivity analysis is carried out to monitor the performance of thalgorithm to a

wide range of probe compliance values.

4.3 Bayesian Analysis

4.3.1 Transformation of raw data

The AFM raw data comprises the probe de ection ) and z-position (z),
which are processed o ine to estimate the properties of the specen being studied.
Using the same notation used in section 2.2.3 of chapter 2, the coett@oint is given
as (z; dx), wherek 2 (1;n) is the unknown index in the dataset which indicates the
transition from non-contact to the contact regime.

The following transformation is used:

i=z d (4.3)

Physically, represents the tip-sample distance prior to contact and the spec

imen indentaion post-contact. Using Eqgn. (2.1), the indentation inlie sample can
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(nm)

(pm)
. Please note that

Figure 4.3: Representative AFM force curve afv/s z andd v/s
curve is displaced 10nm on the de ection axis for ease of visualization

the d v/s
c 2014 IEEE.
(4.4)

be written as:
= n k

The experimental data can now be related to an explicit force-indean rela-

tionship by the following expression:
k) (4.5)

ke(di  di) = f(E;; |
k) is the

n, f(E;;

where k. is the probe spring constantk + 1

contact model,E is the elastic modulus and is the Poisson's ratio.
Two contact models are used in the EIV-Bayesian Changepoint analg and

are given as follows:

1. Hertz contact model [26], as discussed in chapter 2.
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2. Long's contact model [59], for nite indentations on a thin hyperastic speci-

men following a neo-Hookean constitutive material model.

Assuming incompressibility in the biological specimens, can be set to 0.5.
Both Hertz and Long's contact models are linear in the elastic modulug, and can

be written as:
16E P R

Ke(di  dk) = 9

fi (4.6)

where

NS forf Hertz

(i k)1:5+1:15IO (i K2+ 1 ID_( i «)? forf Long's Model
i.h [
+ 2 3( i k)4:5 1+2:3 p—( i I()1:5

(4.7)
The constants ;; , and are given by:
p h—D 2 2
1=10:05 0:63 h=R(3:10 + h“=R?) (4.8a)
,=4:80 4:23n*=R? (4.8b)
= R=h? (4.8¢)
wherek+1 i n. R is the of radius of the spherical bead (=% m)

and h is the thickness of the tissue sample. Long's force-indentation retmship is
valid in the regime =h min(0:6; R=h) and 0:3 R=h 127. The expressions in

Egns. (4.8a) and (4.8b) assume frictionless contact between th&M probe and the

73



specimen, which is a reasonable assumption since the tissue specinaga hydrated
by PBS solution during the AFM experiments.
While using the Hertz model to study cells of radiuRR., R refers to the

e ective radius, given by:

I:abeadRceII
R= — 4.9
I:abead"' RceII ( )

An alternate form of Eqn. (4.6) is obtained by using the compliance dhe

probe, s = 1=k, in the right-hand-side of the Eqn. (4.6). Therefore, one can wet

1eEpﬁ

(d do)= 9

sf; (4.10)

Such a transformation allows us to relate the de ectiond, to the transformed
variable , and to incorporate the probe compliances, into the EIV model, as shown
later in this section.

In the non-contact regime, the de ectiond, can be modeled as a linear function
ofz [1] , i.e. d = az+ b wherea and b are arbitrary constants. However, using a
simple rearrangement of the coe cientsa and b, it can be readily shown thatd also

varies linearly with the transformed variable in the non-contact regime:

d= + (4.11)

The two regime regression model relating the de ectiod to can therefore
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be written as: 8
h i
5 1 i ot o1 01K
d = : h | (4.12)
1 sfy ,+ , ifk+1 i n
where N(O; ;2); j = 1;2 are independent and identically distributed

(i.i.d) normal random variables andf; is given by Eqn. (4.7). In general, 6 3,
since 2 results from the viscous interactions between the probe and the Uil
medium, while 3 depends primarily on the probe-sample frictional forces (48], =
h it

i1 i2 ] =1;2 are the regression coe cients in the non-contact and contact

regime respectively, and ,, encapsulates the elastic modulug.

4.3.2 Classical Error-In-Variables Model

In a standard linear regression model with a single independent caede |
the data comprisesn observations of the response variableand . These are related

by the data error model , and is given by:

Vi= ot 10t i 5 1=1;23 50 (4.13)

where the errors; are (i.i.d) and normally distributed with zero mean and constant
variance 2, and o and ; are unknown regression coe cients which are usually
estimated using least-squares or other similar techniques.

The likelihood function in this case is given by the joint probability of the
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data:
1 . )2
e 2—2-(Y| 0o 1) (414)

However, there arises cases where thés are not directly observed. Instead,

X;'s are observed with a normally distributed additive error ;, which are related by:

Xp= i+ § , 1=123:n (4.15)

The Equation (4.15) constitutes theclassical Error-In-Variable model
Cheng and Ness [60] states three di erent sub-classi cations dfi¢ classical EIV

model based on the assumptions on's. These are given as follows:

1. Functional Model: ;'s are assumed unknown constants.

2. Structural Model: 's are (i.i.d) random variables and independent of the error

i's. In this case,

E()= ; var( )= ? (4.16)

3. Ultrastructural Model: Similar to the structural model, i's are independent
random variables, but not identically distributed. This means that trey have
possibly dissimilar means, ;'s, and a common variance?. If ;= ,=::: |,
the ultrastructural model reduces to the structural one, whesas if 2 =0, the

ultrastructural model reduces to the functional model.
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For considerations of simplicity the functional model is used for theest of this
work. To use the data error model together with the EIV model, aéain assumptions

are made about the errors; and ; in Eqns. (4.13) and (4.15) respectively. These

are:

E()=E(i)=0 (4.17a)
var( )= Zvar(;)= 2 8i (4.17b)
cou i; j)=coui; j)=0 8i 6] (4.17c)
cov i; j)=0 8ij; (4.17d)

The likelihood function is now the joint distribution of the x;'s from Eqn.

(4.15) and the response variableg's from Eqn. (4.13), and is given by:

Lxi 1)?
P(X1; 5 Xns Vs 5Vl 03 13 B B aiiiis n) e 770 D

(4.18)

4.3.3 EIV-based Changepoint Modeling: Likelihood

From Eqn. (4.12), it can be seen that in the non-contact regime, ghcovariates

i = i,1=1;2;:::;k are xed and observed; therefore implementation of the EIV

model is not necessary.
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The joint distribution in the non-contact regime is therefore given s

Y :

. 1 L(d i)2
p(dy;::dd 43 2K)/ — e 2@ w20 (4.19)
i=1 1
where the response variables are the de ection dath;:::; dk
In the contact regime, it one can write, using Eqgn. (4.12):
ke1 = Sfia1
n = sfq (4.20)
The covariates y+1;:::; n in Eqn. (4.20) are multiples of the probe compli-

are xed and observed. However, variations in the probe calibratiomeasurements
as evidenced by the results in Table 4.2 indicate that incorporation gbme notion
of randomness on the nature of is necessary.

The variable s is modeled as arunobserved variablevhich needs to be esti-
mated. Instead of observings, the random variablesy is observed with an additive
Gaussian error N (0; ), which is given by:

Sg= S+ ; N(0; 2 (4.21)

1 Sd
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Using the observed probe compliancg, one can write:

Xk1 = Safks1

Xn = Sdfn (4.22)

Eqn. (4.15).

At this point, it would seem natural to de ne a joint distribution of th e data

pendence condition from Eqn. (4.17c) is violated, since:

cov i; j): CO\I(Xi;Xj): fiijOV(Sd;Sd)

60 8i6]j (4.23)

The direct implication of the violation of the independence condition oEqn.

(4.17c) is that the covariate distribution can simply be expressed sy and s, instead

regime therefore can be reduced to

1 % (sg 5)?
p(sds; 3)/ — e *% (4.24)
Sd
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This leads to considerable reduction in the complexity of the joint disibou-

tion of the contact-regime data. The joint distribution of the EIV model and the

de ection data in the contact regime now can be written as:

Y
P(Sa; Ghers 25 0h] o5 2K;S) = p(Sa) p(dk)
i=k+1
1 % ﬁf(sd 92 W 1 % L(d 21 s 22fi)?
/ > e 2 54 -3 e Z_g I I
Sd i=Kk+1 2

(4.25)

Combining the joint distribution in the non-contact regime [Eqn. (4.19] with

the distribution of sq in the contact regime [Eqn (4.25)], the data likelihood for the

whole dataset is given by:

Y
p(sa; O O;iiischi 1 2 51 5 kis)= p(sa)  p(di)
i=1
1 % *zf(sd 92 Y 1 % Ldi 1 12i)? ¥ 1 % L 2 s 22fi)?
/ = e 2 2, = e 2—%‘ i i = e 2—%' i i
Sq i=1 1 i=k+1 2
(4.26)

Based on the candidate contact poirk, the de ection data can be re-written in
it h it

h
a compact vector form, asd; = d; d; ::i:d ,dy= dksr ks ii:idy
h [
andd = d; d, . The right hand side of [Egn. (4.12)] form the design matrices
iven by:

g y 3;

1 1 01

x:=§ ¢
PR,
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3¢
! Z (4.27)

2
1 1 T
Xzzg
cosf,

sf k+1 sf k+2

Using the notations in Egn. (4.27), the data likelihood of 44; d) can be re-

written as:
k
1 2 T(Sd 5)2 1 2 1 ”dl Xl ”2
N . .20 2.0q,. 2 5 2 1
p(Sd;dJ 1 2y 11 2 k,S) / —2 e _]2- e 2 1
Sd
1 n k N )
2 m ..
jid2 X2 ,j
- e i (4.28)
2

4.3.4 EIV-based Changepoint Modeling: Posterior

Table 4.3: Conjugate Prior Distributions

Model Distribution Hyperparameters
Parameter Family
k Uniform u(;n)
12 Normal N( 4 11): N( 2 21)
2. 2 Inverse Gamma IG (ag; ) , 1G(ag; v)
S Normal N( s 3)

The posterior distribution, expressed aposterior distribution / data likelihood

prior distribution , and can be written as:

I pdisi o 5 oGkis) () ()

2. Zk,S]Sd,d, 2,
(D (D & (O (4.29)

P( 1 2 10 2

where (:) indicates the prior distribution of the variable in parenthesis. Conjgate
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priors (Table 4.3) are used to ensure that the posterior distributiois separable [61].

Combining the distribution of the data with the priors, the posteriorcan be written

as:

n_k
2

Nk

1
2
— €

2 1
2
Sd

p( 1 o % Zkisjsqd; 2)/

gzlidn X1 4ji? Szlid2 X2 ji?
} sy 1 e 2

ol P
I\Jl\.)| =

1
2_§;(Sd s)2e 301 D7 (g ) e 2 T 202 2

b b 2
( ]2-) a lg _% ( %) a 1g _% iz e 7?(5 sp)
Sp

N|=
[

(4.30)

A schematic of the EIV-Bayesian Changepoint algorithm is given in Figt.4.
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Figure 4.4. Schematic of the EIV-Bayesian Changepoint algorithne 2014 IEEE.

4.3.5 EIV-based Changepoint Modeling: Gibbs Sampling

The marginal posteriors are obtained from the joint posterior distbution of
Eqn. (4.30) using Gibbs Sampling, which is a Markov Chain Monte Carlo (@MC)

sampling technique wherein the marginal posterior in each parametef the joint
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posterior is derived by separating out the terms in the joint postésr corresponding
to each parameter and conditional upon the rest. The posteriorsampled iteratively
for the parameters §; ;; . 2 2k).

While sampling forsi*Y giveni previous iteratively sampled steps, it can be
observed thats appears in the data likelihood and the prior fos. The terms in the
posterior distribution containing s are given by:

i ji2 L (sq s)? L (s 2
2‘zzjjdz X2 ol e _2_2sd(d ) e _2_25p( sp)

p(s)/ e
h Xn [

2—12 fd 21 22sfj@?

1 2 1 2
/e 2 o1 e 7 SUI(sd s) e 24 Sp(s sp)

(4.31a)

The coe cients of s? and s can be combined to complete the square &by a simple
rearrangement of terms in Egn. (4.31a). Since the constant term the square ins
is not dependent ons, it can be ignored without altering the Gibbs Sampling step.

Therefore:

N (es; esz)
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where :

X
" , (d 20)fy , ,
S, Sd + S 2 i=k+1
- = P Sd_>p 2 + 1= Sp_Sd
s 2 2 X0 Xn 2 + 2
Sp Sd 2 f2 f2 Sp Sd
22 j 22 j
j=k+1 j=k+1
# 1
2 2 2
2 Sp Sd
0 L (4.31b)
2 f2 Sp Sd
22 j
j=k+1
" # 1
2 %2 X 2 1 1
2 j=k+1 Sd Sp

Likewise, the regression parameters; and , appear in multivariate normal form in
the data likelihood and the priors for ; and , respectively, and the same strategy
is employed to complete the square and factor it out of the posterioThe terms in
the posterior distribution containing the regression parametersra given by:

zpldm Xm w0 3 W) M )

P( m)/ €

N

Fpldn Xn i n "X XnCn "0 L L n ) o w)

N

/ e
(4.32a)

wherem = 1; 2 for the non-contact and the contact regimes respectively an’?jm =

(X 1 X m) X [ dny is the least-squares solution.

The following identity is used to complete the square in the multivariatease
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[62]:

X2
( p)" D= e ( e)+f( n (4.32b)
p=1
where ; ,are positive semi-de nite symmetric matricese = ( 1+ ) '( 1 1t
2 2) and = 1+ 2.

Using Eqgn. (4.32b), one arrives at the following expression:

(1i+1) n( 1jS(i+l); (2i); %(i); g(i); k(i))
N(€,;€)) (4.32¢)
0B st (520 3050
N(e2; €,) (4.32d)
where
€r=( X Xt m) (wXndnt m om) (4.32€)
en=( X Xm* m (4.32f)
form=1;2.

The variances 2 and 2 appear in the data likelihood and the priors for the

variances. Likewise, the posterior can be factorized to containrtes only in 2 and
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2 and the following expression results:

K
K . ; ag+1
1 > L X142 1%
2 / e 21 _
p( 1) -3 2
1 1
Ktag+l . .
1 27 L 05jd1 X1 pii+ho
/ — 1
1
and
e 1 02 ao+1
2) 1 5 zlid2 X2 5 1
p( 2) - e °2 -
2 2
n_Kiag+l . .
1 2 0 L 05jdy X2 ,jj%+ho
/ > 2
2

Hence, one can write:

2;(i+1 2:a(i+1) . (i+1) . (i+1) . 20). (i
P pCEistE T T kO)

1G (a1; 1)

2;(i+1 2. (i+1) . i+1) . i+1) . 2;(i+1) . (i
2 p( 3st; I 5 T KO)

1G (az; )

where

& = g+ k=2
& =a+(n k)=2

Bn = b+ 0:5(idm  Xm mii)?
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form=1;2.
In the case of the contact point index, a at uninformative prior [ (k) = 1]
is used to avoid biasing the posterior. The posterior ik is therefore the discrete

distribution function obtained by varying k over the data likelihood, and is given

by:

K(i+D) p(kjs(i+1); (1i+1); g+1); ]2-;(i+1); 5;(i+1))

K - . n_k
2o zzldn X 2

1 1 Lojids X2 i
2
/ 5 e 3 e 2
1 2

(4.34)

4.4 Results and Discussions

4.4.1 Implementation of the Gibbs Sampler

Excepting the contact point indexk, all the other marginal posteriors can be
directly sampled from their respective family of parametric probabilit distributions
due to the use of conjugate priors. Rejection sampling [63] is usem dample fork
[Egn. (4.34)] to complete the Gibbs Sampling step.

The initial 3000 iteration results of the Gibbs Sampler are rejectedyhich
constitutes theburn-in period. Sampling is terminated when increasing the number
of iterations do not alter the nature of the marginal posteriors. ¥pically, sampling
is terminated after 200,000 iterations. With respect to the probeampliance, sy is
set to a pre-experiment calibration value (= 16.1 m/N for Probe 1 and.339 m/N
for Probe 2). The hyperparameter values of the probe complianege set to those

obtained in Table 4.2, i.e. 5, =16:38 m/N, 2 =1:6% m?=N? for Probe 1 and
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Table 4.4: Hyperparameter Values

Hyperparameters Values
L2 00"
) 10 0
b2 0 101
(ao; ky) (1; 2) (Hertz Model)
(1;0:002) (Long's Model)
(s &) (16:38, 1:63%) (for Probe 1)

(0:328 0:032) (for Probe 2)

s, =0:328 m/N, 2 =0:03Z m?=N? for Probe 2. Using such an informative prior
based on Table 4.2 makes it possible to incorporate prior knowledge rofiltiple
probe calibrations. The prior and data variances of the probe corignce are also
assumed to be equal i.e. §p = Szd. This allows us to give equal weightage to
the prior and data values. Setting the data and prior variances equalso avoids
estimation problems, which are typical when the data variance is unkwn [64].
With respect to the other parameters, no useful information is adable beforehand,
consequently, uninformative priors are assigned to them. The dawnt point Kk is
assigned a uniform distribution,U(1; n), while ;; ,; ?and 2 are assigned disperse

prior distributions. The hyperparameter values used during samplgnis given in

Table 4.4.

4.4.2 Simulated Data

Owing to lack of robust experimental methods to determine the ctact point

from AFM force curves, the EIV-Bayesian Changepoint algorithm igst validated
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Figure 4.5: Results of the EIV-Bayesian Changepoint algorithm on sirtated data
with n = 1000 datapoints. (a) Simulated AFM force curve with contact oaarring
at datapoint k = 650 and (b) marginal posterior of the contact point indexk, along
with the posterior meanbkc = 653 and the 95% con dence intervals [64560].
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on a simulated AFM force curve with a known contact point. The He model (with
power law 1.5) is used as the force-indentation relationship, and tlealibration re-
sults for Probe 1 are used to specify the probe compliance data amgerparameter

values. The following parameters were used to generate the entitata:
Datapoints n = 1000. Contact Point Index k = 650.

Pre-contact regime standard deviation ; = 1:20. Contact regime standard

deviation , = 1:50.

h it h i
Pre-contact regime regression parameters, = 13 1 = 35 0001

h it h it
Contact regime regression parameters, = ;1 2 = 3501 @3

Observed probe compliancey = 16:10. Observed probe compliance variance

2 =163

The simulated AFM curve is shown in Fig. 4.5(a). The noise parameters
1 and ,, were selected to mimic experimental AFM force curves obtained on
extremely compliant live cells, where the contact uncertainty is moreevere than
other biological specimens.

The result of sampling the marginal posterior in the contact point indx k
according to Eqn. (4.34) is shown in Fig. 4.5(b). The true contact pat is at
datapoint 650, while the posterior mean of the contact point is givehy bkc = 653,

a very negligible error given the noisy nature of the transition. Mover, it is sig-
ni cant to note that the 95% con dence interval (C.I.) given by [642 660], contains
the true contact point. This is one of the advantages of using an iatval based
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Figure 4.6: Marginal posterior distributions in (a) 2, (b) s(c) ; and (d) ».
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Table 4.5: Model performance on simulated data

Ground Truth | Posterior Means

k 650 653

22 0.3 0.306
1 1.20 1.24
2 1.50 1.50

(s6; ) | (16.10,16.38)|  16.74 §)

method over point based methods in estimating the contact-pointna the mechan-
ical properties: even though the true contact point was missed I8/datapoints, the
95% C.I contained the true contact point. It is also evident from Figs4.5(a) and
4.5(b) that integration of the EIV model into a standard Changepmt model does
not adversely a ect Changepoint model's ability to estimate the coract point.

The marginal posteriors ins; »; 2; 2 are given in Fig. 4.6, and the posterior
means are given in Table 4.5. From the results, it can be seen that tBé/-Bayesian
Changepoint model performs quite satisfactorily on simulated datalhe estimation
error in the regression coe cient of interest, ,, is 2%, which is quite reasonable
given the noisy nature of the simulated AFM force curve. The poster means of

1 and , are also within 3.5 % of the ground truth values. The probe compliance
s shows a posterior means(’= 16:74) with a dispersed distribution due to the

variability introduced by the variance terms Z and .

4.4.3 AFM studies on histological breast tissue

This section deals with the implementation of the algorithm on AFM indeta-

tion datasets obtained from histological breast tissue samples. @/ AFM indenta-
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Figure 4.7: Image of tissue region where probing was conducted tiian the results
in this section. AFM indentation experiments on breast tissue wereonducted in
the probing ROI c 2014 IEEE.

tion data was generated from raster scanning of the probing ROhewn in Fig. 4.7.
Probe 2 was used for the AFM experiments, and Long's contact meld59] was used
as force-indentation relationship.

Due to the absence of existing algorithms that quantify the elastic adulus
estimation errors due to both contact uncertainty and probe caliation variability,
it is di cult to compare the e cacy of the algorithm in re ecting the va riability in
the estimated elastic modulus due to these two sources of uncémntg To overcome

this, the following steps are implemented:

1. The 95% bounds from multiple calibration experiments in Table 4.2, i.e.
Sa590 = 0:328  2(0:032) m/N and Sg7:50, = 0:328 + 2(0:032) m/N are used to
set deterministic bounds of the probe compliance variability from th@robe

compliance.

2. The posterior mean of the contact pointR, Is obtained through a standard

93



Bayesian Changepoint approach [48] (without any variations in therpbe com-

pliance).

3. Usings,.sy, and sg7.50, and the contact point posterior mean from step (2), the
bounds of the elastic modulusE,.s¢, and Eg7.:50,, are estimated using least-
squares tting to the Long's model. These bounds are then compad to
the 95% con dence intervals of the marginal posterior in the elastimodulus

obtained from the EIV-Bayesian Changepoint approach.

The results of the EIV-Bayesian Changepoint algorithm applied on aepre-
sentative AFM force curve on tissue specimens are presented in$ig.8 and 4.9.
The AFM de ection data together with the posterior mean of the catact point
(bﬁc = 433) is shown in Fig. 4.8(a), and the marginal posterior irk is shown in
Fig. 4.8(b).

The marginal posterior ins is shown in Fig. 4.9(a). The marginal posterior
in 2 [Fig. 4.9(b)] is easily transformed into the elastic modulusk, due to the
linear relationship between them [Egn. (4.10)]. The posterior mean tfe elastic
modulus, E = 119:01 kPa compares favorably with previously reported values on
histological breast tissue [65].

Also displayed in the Figs. 4.9(a) and (b) are the boundss{se; So7:505) and
(E2:s0; Eg7:506) respectively. It is evident that the 95% con dence intervals of th
elastic modulus are well bounded b¥,.so, and Eg7.50,. Indeed, this is one of the
advantages of using an integrated EIV-Bayesian Changepoint aggach: lower vari-

ability in the estimated elastic modulus compared to using bounds onettalibration
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Figure 4.8: Results of the EIV-Bayesian Changepoint algorithm on &presentative
AFM force curve on breast tissue withn = 783 datapoints. (a) AFM force curve
with the posterior mean of the contact point index atbkc = 433. (b) Marginal

posterior ofk.
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Figure 4.9: (a) Marginal posterior ins and (b) marginal Posterior ofE.

data and point estimates of the contact point to compute the ela&t modulus.

4.4.4 Sensitivity Analysis

The dispersed nature of the marginal posterior in the elastic modwduin
Fig. 4.9(b) raises an interesting question - what are the individual otributions of
the contact point uncertainty and the probe compliance variability inthe marginal
posterior distribution in E? More importantly, does the marginal posterior inE

re ect changes in the hyperparameter values of the probe compiiee, given that an

informative prior was used for it?

4.4.4.1 Varying

The e ect of using hypothetical values of s, on the marginal posteriors is

illustrated in Fig. 4.10. The dispersion of the marginal posterior irE increases
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Figure 4.10: Boxplots of the marginal posterior distributions (a) irg, (b) in s and
(c) k. Please note that the s, has been assumed to be equal tq,. The fourth
boxplot ( s, = 0:032) corresponds to the experimental probe compliance variance
as obtained in Table 4.2c 2014 IEEE.
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with ¢, as shown in Fig. 4.10(a). This is an expected observation, since larg
variations in the calibrated probe compliance would lead to greater gartainty in the
elastic modulus of the probed regions. The individual contribution afontact point
uncertainty on marginal posterior inE is given in the rst boxplot of Fig. 4.10(a)
(corresponding to s, = 0:000).

Likewise, increase in s, leads to greater dispersion in the marginal posteri-
ors in s [Fig. 4.10(b)]. It is worth noting that changes in s, does not cause any
substantial change to the posterior means & or s.

The boxplots of Fig. 4.10(c) shows the e ect of s, on the marginal posterior
in k. It can be observed that changes ing, has no signi cant e ect on the posterior
in k - the 95% con dence intervals varies between the 428and 43%" datapoints.
This is an important observation, since uncertainties in the probe awpliance and
the contact point are physically unrelated - probe compliance varieins are the
result of calibration errors, while contact point uncertainty occus because of the
soft nature of biological tissues and the absence of a perceptibteactive region in

the AFM force curve in liquid.

4.4.4.2 Varying s

The e ect of varying the hyperparameter s, on the marginal posteriors in
E and s are shown in Figs. 4.11(a) and 4.11(b) respectively. The previouslvas
of sy(= 0:339) m/N and (= 0:032) m/N and the assumption that 2 = 2

Sp

are retained. The rst boxplot shows the marginal posteriors whe g is set to
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0.222 m/N, the probe manufacturer's rated compliance. This is ofteuseful when
the AFM user performs a single probe calibration experiment, and vines to see the
result of using the rated compliance instead of repeating the calilir@an experiments.
The second boxplot usess, = 0:328 m/N, obtained from Table 4.2.

Reducing the hyperparameter s, from 0.328 m/N to 0.222 m/N leads to an
increasing trend in the marginal posterior inE [Fig. 4.11(a)] and a corresponding
decreasing trend in the marginal posterior irs [Fig. 4.11(b)]. This is understand-
able, given the inverse relationship betweemand E [see Eqn. (4.10)]. This inverse
relationship is also responsible for the increased dispersion in thet #soxplot of
Fig. 4.11(a) compared to the second; in contrast both boxplots ini¢. 4.11(b) show
largely similar dispersed behavior.

It is also evident from Fig. 4.11(b) that the probe compliance post@&r means
(8) lie approximately midway between the compliance datay and the hyperparam-

eter 5, (8=0:283 m/N for s, =0:222 m/N and $=0:333 m/N for 5 =0:328

p

m/N). This is a direct consequence of using equal weightage to thatd and prior

variances of the probe compliance, i.e. § = 2).

4.5 Conclusions

This chapter outlines the formulation of an integrated EIV based-Byesian
Changepoint algorithm used to obtain robust estimates of the elastmodulus of
biological specimens from AFM force curves in the presence of véildy in the

contact point and probe spring constant. The major highlights ofhis chapter are
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Figure 4.11: Boxplots indicating the e ect of varying s, on the marginal posteriors
(@ in E and (b) in s c2014 IEEE.

enumerated as follows:

1. Transforming the probe spring constant to the equivalent pradcompliance,
a standard Bayesian Changepoint problem [48] could be set up to aoano-
date variability in the probe spring constant. This allowed the applicabn
of error-in-variables based methods to be applied to the Bayesiarh&hge-
point algorithm. Multiple probe calibration experiments were condu&d to
obtain the variability in the probe compliance using the thermal calibraon
method. These results were used to specify the hyperparamet@&f the prior

distribution of the probe compliance.

2. The proposed algorithm performed satisfactorily on simulated A% data, and
the estimation errors were within 4%. Also, the ground truth was agained

within 95% con dence intervals of the marginal posteriors.
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3. On implementing the algorithm on AFM datasets obtained from brest tissue
specimens, it was observed that using an integrated approachgethariability
in the estimates of the elastic modulus could be reduced, as opposegoint-
based approaches to estimate the elastic modulus by treating easburce of

variability piecemeal.

4. A sensitivity analysis on the parameters of the posterior distriliton showed
that the proposed algorithm model responded satisfactorily to aide range of

hyperparameter values in the probe compliance.

Accurate estimation of the contact point shown in Fig. 4.5 and the saitivity
plots shown in Figs. 4.10 and 4.11 con rm the research hypothesistbfs chapter
that EIV-Changepoint algorithm successfully estimates the elastimodulus due to
the aforementioned sources of uncertainty.

One of the appealing aspects of using the EIV-Bayesian Changepdormula-
tion is that it makes it possible to automate data analysis of AFM forceurves, since
the contact point from the AFM force curves can be determined iidy accurately
without subjective user input. As mentioned previously in chapter? and 3, AFM
indentation studies on breast tissue for histopathological inferea necessitates very
large scale AFM indentation data acquisition and processing. A robuand com-
putationally e cient approach can signi cantly improve throughput of AFM based
characterization of biomaterials by allowing batch-processing of AF curves.

The proposed approach also obviates the need to truncate AFMrée curve

datasets to ensure applicability of linear elastic theory. The use ofohg's contact
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model [59] accounts for geometric and material nonlinearities anlerefore the whole
AFM force curve can be processed to estimate material propegie
However there are certain limitations of this work that require elabmtion.

These are stated as follows:

1. The EIV-Bayesian Changepoint algorithm assumes that the fagendentation
contact relationship appropriately ts the post-contact AFM de ection data.
As a result, the algorithm has been implemented only on those AFM dadets
where the post-contact de ection data could be well described lilie contact
model in question, i.e., Hertz or Long's contact model. For force owgs that
display sharp nonlinearity, Long's contact model is not likely to be anm®
propriate contact model since it only accounts for neo-Hookearyerelastic
behavior - which is a rst order approximation of higher order hypezlastic
material models. The e ect of contact estimation on force curvewith pro-

nounced nonlinear e ects are dealt with separately in Chapter 5.

2. Errors in the observed probe compliance have been assumedaltotv a Gaus-
sian distribution - this assumption has not been experimentally validad. The
assumption of normality in the observed probe compliance and in theaipr
distributions of the probe compliance was primarily aimed at simplifyinghe
sampling of the joint posterior using standard MCMC methods like Gibd
Sampling. Indeed, large scale probe calibration experiments are eggary to
ascertain the nature of the distribution to which the calibrated prbe compli-

ance errors belong.
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3. In the two regime regression model (Eqn. 4.12) used for the ERayesian
Changepoint analysis, continuity was not assumed at the contacopt. This
did not impact the performance of the EIV-Bayesian Changepointlgorithm,
primarily because the algorithm was only implemented with force cursehat
could be described well by the contact model chosen in the analysldeftz
or Long's [59] contact model). For force curves that cannot be aduately
described by the contact model, the contact point estimates are &k to be

erroneous. These issues are dealt with in detail in chapter 5.
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Chapter 5
Constitutive material modeling of the tissue specimens ued AFM
indentation

5.1 Overview

In chapters 2 and 3, the Hertzian contact model was used to eatt the tis-
sue elastic modulus, which relies on the theory of linear elasticity and mitesimal
strains, to estimate the elastic modulus of the tissue specimens. i$kwas on account
of its computational ease and also because the primary objectivasuto investigate
any elasticity di erences between normal and cancerous specinsemot so much to
assess the appropriateness of the contact model for any givencé curve. In chap-
ter 4, Long's contact model [59] was implemented in the EIV-BayesiaChangepoint
estimation algorithm, which relaxes the assumptions of linear elastigiin the ma-
terial by accounting for neo-Hookean hyperelasticity. Howevethe algorithm was
only implemented on those force curves that could be adequatelysgebed by Long's
contact relationship.

In this chapter, greater emphasis is placed on the choice of the taet model to
describe AFM force curves with varying levels on nonlinear elasticitynd numerical
approaches are explored that might be better suited for elastic rdolus estimation

from the tissue specimens. The coupled problem of contact estinat from highly
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nonlinear force curves is also investigated, and a modi cation to theontact estima-
tion algorithm from chapter 4 is proposed, which can be used in comction with
numerical techniques for tissue mechanical property estimation.

It should be mentioned here that in this chapter, the probe springonstant (or
compliance) is assumed to be observed without errors and no comsigariability in

the probe's spring constant is considered in the work outlined in thidhapter.

5.2 Experimental Challenges in enforcing Hertzian assumphs

The applicability of the Hertz contact model for analyzing AFM indenation
data on biomaterials has critically studied in the past [1],[66] - nevertless, a critical
assessment of each of the assumptions in Hertzian theory in thentext of prevail-
ing experimental conditions during AFM indentation on breast tissuespecimens is
presented in the following discussion.

It may be recalled from chapter 2 that the assumptions in Hertzianantact

model for spherical indentation of tissue specimen are:

(H1) The contact between the indenter and the specimen is considd frictionless.
(H2) There is no adhesion between the sphere and the indenter.

(H3) The displacements and strains in the specimen are assumed te émall so

that a linearized continuum theory can be used.
(H4) The specimen is assumed to be an in nite half-space.

(H5) The specimen is linearly elastic.
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(H6) The specimen is homogeneous and isotropic.

The assumption (H1) of frictionless contact implies that shear traons at the
contact interface are zero. Since AFM indentation on tissue specdms are primarily
conducted in PBS medium, this is a reasonable assumption to make iretpresent

study.

[ $ %& 14 '%&

\
\

d (nm)

Z (pm)
Figure 5.1:. Schematic of force-displacement behavior for (a) adien-free inden-
tation, (b) indentation with adhesion and (c) representative AFM brce curve on
breast tissue specimens showing absence of prominent adhesigere
The assumption (H2) of adhesion between the tissue and the indents not a
trivial one. Live mouse broblasts [67] and polyvinyl alcohol gels [68Jave previous
shown adhesive behavior when subjected to AFM indentation, whicbauses the

AFM probe to de ect toward the sample surface resulting in attrative (negative

force) regime in the AFM force curve [see Fig. 5.1(a) and Fig. 5.1(b)However, as
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seen in chapters 2, 3 and 4, no adhesion was observed in the forowes on the
tissue specimens [Fig. 5.1(c)], consequently, modeling adhesion is aaigni cant

concern in this study.

Figure 5.2: Finite-indentation of a thin specimen by a rigid hemispheritandenter.

Assumptions (H3) and (H4) constitute two of the most critical assmptions
that are often violated during AFM indentation studies on tissue spgmens. The

in nitesimal assumptions in (H3) and (H4) imply the following:

R (5.1a)
h (5.1b)
R h (5.1c)
hi1 (5.1d)

In order to ensure applicability of Eqns. (5.1a) and (5.1b), AFM fore curves need to
be acquired in indentation-controlled mode to restrict the sample irehtation to the
Hertzian regime. However, conducting AFM experiments in indentain-controlled
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mode is signi cantly harder compared to force-controlled mode due the challenges
in online contact estimation, as stated previously in chapter 2. Colgd with the
need to perform raster-scans on the tissue specimens for lasgale AFM force
curve acquisition, indentation-controlled mode becomes a far lestiractive mode
compared to force-controlled mode for high throughput purpose The drawback
associated with force-controlled AFM experiments, however, isahhighly compliant
regions in the tissue register very large indentations, which violatessumptions
(5.1a) and (5.1b).

Applicability of Eqns. (5.1c and 5.1d) can be achieved by adjusting thieead
size with respect to the specimen thickness. However, as obsdrgesviously in [24],
probe tips with low radius (for example, pyramidal tips with nm-rangeradius) can
cause permanent damage to the tissue samples [69]. Even worsarships possess
the undesirable tendency of including contributions from the subssdte [70], leading
to inaccurate material characterization. An optimumrangeoR 5 10 m ensures
low stress concentration in the tissue specimens, and also aids oaraging out local
tissue heterogeneity. Tissue specimen thickness also can be vaffeth h = 4 m
to h =10 m , however, thick tissue specimens also lead to loss of continuity in the
tissue architecture across consecutive tissue slices. Even in thestnoptimistic case
of (R;h) =(5;10) m, R=h=0:5, which is clearly too large to enforce in nitesimal
assumptions.

As observed in chapters 2 and 3, the tissue specimens studied in tHis-
sertation consists of complex three-dimensional architecture Wifunctional breast
epithelial cells that are enclosed by collagen-rich stromal tissue - wh violates
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isotropic and homogeneity assumptions [Assumption (H6)]. Moreavanacroscale
breast tissue specimens have previously shown nonlinear elasticitysg@imption
(H3)] [71].

The combined e ect of violations in assumptions (H3-H6) is well-illustrid in
Fig. 5.3, which illustrates the spatial distribution of the tissue sti ness [Fig. 5.3(a)]
and the corresponding goodness of t [Fig. 5.3(b)] on a tissue RQ1.can be observed
that while the tissue sti ness shows clear delineation from the uppdeft to the
lower right end of the elasticity map, no such patterns can be obsed in the
R? distribution. Figs. 5.3(c) and 5.3(d) show the force-indentation pks of two
neighboring sampled points with similar sti ness, but with vastly dissimila nature
of the Hertzian t. These results underscore the need to have spi ¢ material
constitutive laws to extract accurate elasticity measures from AR indentation
data. In the following section, prior work in the development of comtct models that

overcome the limitations of the Hertz contact model are critically ndewed.

5.3 Related Work

Previous research addressing non-Hertzian behavior in biomatdsiaindergo-
ing AFM indentation can be classi ed by the individual Hertzian assumpons (H1-
H6) that are targeted and corrected. Since the scope of this easch is primarily
directed towards addressing violations in assumptions (H3-H6), aescription of
some of the approaches proposed in literature that focus on tieeassumptions only

is presented in the following discussion. Readers are requested twklielsewhere for
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Figure 5.3: E ect of heterogeneity in the spatial sti ness distributon. (a) An elas-
ticity map in the cancer core [from Fig. 3.11(b)], (b) corresponding-P representa-
tion of the R-square of Hertzian ts and (c,d) representative fare-indentation plots
showing the inadequacy of the Hertz model to describe the entirédORs constituent
behavior.
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corrections to violations in (H1) [72] and (H2) [67].

Finite Indentation (H3,H4): Improvements to the Hertz contact model to
account for thin specimen indentation was primarily motivated by AFMin-
dentation studies on thin polymer gels, wherein it was observed th#te Hertz
contact model signi cantly overestimated the elastic modulus dueotthe e ect
of the underlying sti substrate [70]. The most seminal contributionin this
regard points to the work of Dimitriadis and his co-workers [44]. Dimitadis
et al. [44] appended correction terms to the Hertz contact model thded to

an analytical force-indentation relationship as given below

(5.2)
where E;R; ; have their usual meanings, = R =h? and ,; , are con-

stants that depend on the Poisson's ratio .

In the limit ! 0, Eqn. (5.2) reduces to the classical Hertz contact model.
It is noteworthy here that for this to happen, it is not su cient to r estrict the
indentation depth for a given specimen thicknessh only (presumably using
indentation-controlled AFM indentation experiments). Even for malerately
low values, a large bead radiusR could possible make non-zero, thereby
invalidating Hertzian assumptions of in nitesimal strains. In the reent past,
Santoset al. [73] have investigated the in uence of probe geometry (with

pyramidal/conical indenters of nm-range radius) on the elastic madus from

Lvalidation of the Dimitriadis model using nite element analysis is given in A ppendix A.
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thin specimens using numerical methods.

Nonlinear Elasticity (H5): To account for nonlinear elasticity e ects in bioma-
terials, Costaet al. [1] proposed a \pointwise modulus” approach to estimate
the elastic modulus as a function of the indentation in the sample. Fa&
purely Hertzian response, the \pointwise modulus” is constant durg the en-
tire indentation regime, whereas for violations in Hertzian assumptns, the
\pointwise modulus" show distinct nonlinearity. While this approach secess-
fully di erentiates a Hertzian response from a non-Hertzian one,he e ect
of material and geometric nonlinearities ( nite indentation) are copled and
there is no way to isolate these two violations in Hertzian assumptionssing

the \pointwise modulus" approach solely.

Drawing upon parallels between uniaxial compression and indentatiohin
et al. [74][75] proposed a reduction formulation to convert force-indeation
datasets into \indentation stress" () v/s \indentation strain” () plots. This
was accomplished by dividing the contact forcé by the contact area to obtain

, and expressing as a function of the contact area [76], as shown below

[74]:
F
= ? (53a)
=0 :2% (5.3b)
a= R 12 (5.3¢)
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wherea is the contact area. For a purely Hertzian response, - are given

by [74]:

208
3@ 7 (5.4)

It is noteworthy that  varies linearly with  for Hertzian indentation (Eqn.
5.4), which is expected due to assumptions of material linearity in Heran
theory. Lin [74] then demonstrated that force-indentation equ#ns could
be obtained for a wide range of hyperelastic materials by obtaining as a
function of  from their strain energy densities and then recasting them into

Egns. (5.3a) and (5.3b).

While this approach is attractive due to its mathematical elegance inedning
explicit force-indentation relations for hyperelastic materials, itstindamental
shortcoming is that nite-indentation e ects are not accounted or. This is
well demonstrated in Fig. 5.4. In Fig. 5.4(a), the purple force-indeation
plot corresponds to a simulated Hertzian response on a specimenet#stic
modulus E =400 kPa, while the cyan plot represents the force response on a
nite element (FE) model? of a linearly elastic specimen of thickneds=4 m
and same elastic modulusE = 400 kPa). As expected, the force response
for the FE model is higher due to the underlying sti substrate [44]. Wen
these force-indentation plots are recast into -  plots using Egn. 5.3(a-c),

it becomes apparent that the FE solution shows signi cant deviatiofrom the

2The details of the nite element (FE) model used to generate this pld are given in section 5.5.
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Force (nN)

Hertzian response [Fig. 5.4(b)], which is linear (from Eqgn. 5.4). This nén-
earity occurs in the FE response not due to any hyperelasticity in thmaterial,
but due to the incorrect formulation in the indentation strain  in Egn. 5.2(b)
which does not account for specimen depth. In fact, researchogps have also
de ned representative indentation strain as =tand =R [77]; however, there

is no general consensus on this matter. Apart from the aforentemed works,

Indentation Stress [(c*) kPa]

Indentation (nm) Indentation Strain (e*)

Figure 5.4: E ect of nite deformation on the force response durig spherical inden-
tation. (a) Simulated force response on a nite element model of &sue specimen
(cyan) and a Hertzian force response of the same elastic modulpsirple) and (b)

corresponding indentation stress () - indentation strain ( ) using Eqns. (5.3a -

C).

researchers have proposed inverse FE based methods to estanagperelas-
tic material parameters from AFM force curves [78][79][80]. Most oheése

methods, however, do not consider the problem of nite-indentain.

Finite Indentation & Nonlinear Elasticity (H3,H4,H5): Amongst the rst
groups to study the coupled problem of nite indentation and mateal nonlin-

earity was that of Kosta and Yin [66]. Using nite element methods andhe
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\pointwise modulus” [1] approach, the authors studied the e ect®f indenter
geometry, hyperelasticity and sample thickness for AFM based dlaateriza-
tion studies. Likewise, Oommen and Val Vilet [77] studied the e ectsro
indentation on thin hyperelastic polymeric Ims using FE methods. Howver,
most of these approaches are primarily exploratory, and have littimplications

in estimating the elastic modulus from any given AFM force-curve.

In this context, the work of Long et al. [59] gains prominence: Longt al. ex-
tended Dimitriadis' approach [44] of appending correction factot® the Hertz
model, and both nite-indentation and material nonlinearity were acounted
for in [59]. Using a judicious choice of exponents of (= R =h?, see Eqn.
5.2) in the correction terms, Longet al. tted FE force-indentation data from

a neo-Hookean hyperelastic material to an analytical expressiohforce F as

a function of R; ; (see Eqn. 4.7 for full expression), and obtained critical
bounds ofR=h and =h in which the expression was valid. Since the force
F could be explicitly related to , it was also possible to use Long's contdc
model in the EIV-Bayesian Changepoint analysis for uncertainty @nti ca-

tion in chapter 4.

However, as seen later in section 5.4, even neo-Hookean hypetieiasis not
adequate to describe some of the force curves that are acquickding AFM

raster scanning on breast tissue specimens.

Isotropic and Homogeneity (H6)Mechanical anisotropy has been shown to

exist in bone [81], skeletal muscle [82] and recently, vocal fold tisg#3]. In
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[83], the authors carried out indentation studies on vocal fold tisgeusamples
sectioned at di erent depths along mutually perpendicular axes antthe ratio

of their elastic modulus was used to quantity the degree of anisopp

Heterogeneity in the indentation direction has been addressed uginumer-
ical methods. Unnikrishnanet al. [84] modeled inhomogeneity in cellular
cytoplasm by modeling the actin cortex as a hyperelastic material dnnner

cytoplasm as a ber-reinforced composite.

5.4 Problem Statement and Proposed Solution

From the preceding discussion in section 5.3 and the results in Fig. 5i3be-
comes clear that accounting for violations (H3-H6) in AFM data analyis is critically
important to ensure accurate mechanical characterization. Irhts context, Long's
analytical relationship [59] appears particularly attractive since it@ccounts for vio-
lations (H3 - H5), however, it must be emphasized that neo-Hookeayperelasticity
is a rst-order approximation and it does not capture high degreesf nonlinearities
at large indentations. As a result, it might not be capable of capturig the spatially
heterogeneous tissue response as seen in Fig. 5.3.

This is well demonstrated in Figs. 5.5 and 5.6 where two experimentalrée
curves E1 and E2 are analyzed by implementing Hertz, Dimitriadis's andong's
contact models in the EIV-Bayesian Changepoint algorithm descridein chapter

4. In force curve E1 (Fig. 5.5), it is evident that all three contact rodels t the
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Table 5.1: Summary of implementation of the EIV-Bayesian Changep algorithm on two experi-
mental force curves E1 and E2 (Figs. 5.5 and 5.6 respectively aceguiron a tissue specimen.)

Elastic Modulus (kPa) Contact Point | Est. Indentation R2

AN

Mean 95% C.I. Mean | 95% C.I. = q BRe

Force Hertz 178.30 | [153.19 205.98] 447 | [446 449]|  461.5nm | 0.999
Curve (E1) | Dimitriadis || 110.48 | [95.15 122.98] 427 | [425 428]|  490.7 nm | 0.999
(Fig. 5.5) Long 119.01 | [105.41 131.98] 433 | [429 434]|  481.8nm | 0.999

Force Hertz 151.83 | [132.31 175.65] 141 |[139, 143]  433.1nm | 0.908
Curve (E2) | Dimitriadis | 106.27 | [92.78 122.92]| 141 |[139, 143]  433.1nm | 0.926
(Fig. 5.6) Long 114.382| [99.76, 132.27] 141 |[139, 143]  433.1nm | 0.917




de ection data well (overall R? > 0:999). The Hertzian elastic modulus is under-
standably higher compared to the other two due to in nitesimal assmptions. The

estimated elastic modulus using both Dimitriadis's and Long's model ardose to

each other, which can be explained by observing that the Long's meldeproduces
the result from Dimitriadis's model for indentation regimes =h close to 0.1 [59]
(The neo-Hookean model is \nearly" elastic for low deformation rages).

Fig. 5.6 shows the implementation on force curve E2 acquired in theatjal neigh-

Hertz Model Dimitriadis Model Long’s Model

Contact
Point
Estimate

Contact
Point
Estimate

Contact,
Point
Estimate

Deflection (nm)
Deflection (nm)

Deflection (nm)

Datapoints

Datapoints Datapoints

Posterior Deflection

o Datn =—
ata Mean Estimate

Figure 5.5: Results of Gibbs Sampling on the posterior distribution usin(a) Hertz
contact model, (b) Dimitriadis's contact model and (c) Long's contet model on
force curve E1.

borhood of force curve E1. It can be observed that none of thdoeementioned
contact models produce a good t (overalR? 0:90 0:92). Typically, such force
curves are abundantly acquired during raster scans on tissue speens, where a
single contact model does not appropriately t all force-curvescguired on a tissue
region-of-interest. The poor t quality indicates that even a ned-dookean hypere-
lastic constitutive model is not su ciently nonlinear enough to explainthe sharp

tissue response in force curves such as those shown in Fig. 5.6. tHermore, it

3By the term \overall R2", the t quality for both non-contact and contact regimes are me ant.
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Hertz Model Dimitriadis Model Long’s Model

Contact Point
Estimate

Contact Point,
Estimate

Deflection (nm)
Deflection (nm)

Contact Point
Estimate

Deflection (nm)

Datapoints Datapoints Datapoints

Posterior Deflection

. ata —— —
Data Mean Estimate

Figure 5.6: Results of Gibbs Sampling on the posterior distribution usin(a) Hertz
contact model, (b) Dimitriadis's contact model and (c) Long's contet model on
force curve E2.

is worthwhile to note that both force curves registered similar indeation range
(“=h 01115 0:122 for force curve E1 and"=h  0:108 for curve E2 for a
tissue specimen 4 m thick) though their t quality were vastly di erent. This in-
dicates that large indentation is not the only cause of the observagsue response
in Fig. 5.6, were it to be so, a 10% sample indentation in force curve Eda would
have shown a poor t quality. This is indicative of the fact that the tissue specimen
was inherently nonlinear beyond the neo-Hookean approximation inrte curve E2.
The immediate implication of this observation is that truncation of foce-indentation
data, as is often used to limit the tting range to the linear elasticity regime [78],
might still lead to inaccurate estimation of the elastic modulus if the uderlying
constitutive material model for the force curve is not established

Up to this point, the e ect of the contact point has not been discused in
estimating hyperelastic constitutive parameters from AFM forceuwrves. In chapter
4, the EIV-Bayesian Changepoint algorithm that was used for coatt estimation

had one critical assumption: the contact model for an AFM forceucve was known
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beforehand. From the preceding discussion, it is clear that Long'emact model
(with neo-Hookean hyperelasticiy) would not be able describe forcarves such as
the one shown in Fig. 5.6. Therefore, the contact estimation prodere would need
to be re-validated for force curves that show high degree of matd nonlinearity.

Hypothesis: By incorporating nite element modeling of spherical inden-
tation of nonlinear hyperelastic tissue response in the mechanicdlacacterization
process, it is possible to improve accuracy and robustness in AFM erdation data
analysis.

To address the problem of material nonlinearity beyond neo-Hoake approx-
imation and its associated contact estimation problem, the followingo&ution is

proposed:

FE analysis of hyperelastic tissue specimens under AFM leag (Assumptions
H3-H5:) To our knowledge, there are no existing explicit contact models for
capturing nite-indentation and material nonlinearity simultaneoudy beyond
neo-Hookean hyperelasticity. This necessitates use of numeritathniques to
accommodate data analysis for highly nonlinear force curves andttas end,
2D axisymmetric nite element models of tissue specimens with an expential
form of the strain energy density function have been developedatsu ciently
captures the nonlinear response as evidenced by Fig. 5.6. The detaf the

FE modeling is described in section 5.5.

Contact Estimation: A weighted least-squares based approach is proposed to

estimate the contact point from force curves with high degrees nbnlinearity.
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Details of the contact estimation algorithm are discussed in section6b

It should be mentioned here that during AFM raster scanning on best tis-
sue specimens, force curves such as Fig. 5.7 were frequently emeoed that indi-
cated that the assumption of homogeneity in the indentation direan was violated
[Hertzian assumption (H6)]. These force curves were excludedrfrthe data analysis
outlined in this chapter. Moreover, isotropic assumptions in the tisge for modeling

and analysis were also retained in this chapter.

%

!
Figure 5.7: Evidence of lack of material homogeneity in the directiorf mdentation.
(a) AFM force curves. Please note that the force curves havedredisplaced to have
the same approximate contact point at (0,0).(b) Corresponding foe-indentation

curves. Note the change in the nature of the force-indentatioruo/es at 200 nm and
300 nm indentation.

5.5 Finite Element Modeling

5.5.1 Discretization and Parameter Estimation

The FE analysis was carried out in ABAQUS v6.8 (Dassault Systemes,|,R

USA). Taking advantage of the symmetry of the indentation procss, a 2D axisym-
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metric model of the indenter and the tissue specimen was used. Tdpearter of the
spherical indenter in contact with the specimen was modeled as aniggmmetric
rigid indenter.

The tissue specimen consists of 135 axisymmetric, quadrilateralbing ele-
ments (CAX4H) (15 radially, 9 axially). The length of the tissue modeivas 6 m.
A ne mesh was used near the indentation region, with a coarser nieaway from it
(see Fig. 5.8). No friction was assumed between the indenter anckttissue specimen
model. The nodes at the interface of the specimen and the indentgere considered
traction free, while the nodal displacements in the radial and axialigections were
constrained. Nodes on the axis were constrained to move only aldhg direction of
indentation. Quasistatic equilibrium solutions were acquired for increental axial
displacements of the indenter. In a mesh convergence study, it svaeri ed that
mesh size or the length of the tissue model did not have signi cant impt on the
analysis results.

With any single or multi-parameter constitutive model whose explicitdrce-
indentation relationship is unknown, estimating the material properes typically
involves solution of an inverse- nite element problem where the simukd response
is curve- tted to experimental data. This is obtained by minimizing the squared

norm of the error and is given by the following expression:

X
arg min JJ I:exp I:FE ( )”2 (5-5)

where Fey, and Fee represent the experimental and simulated force response re-
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Figure 5.8: Finite element models: (a) undeformed mesh, (b) defoesh mesh.
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spectively, and represents a vector of material parameters de ned in the const
tutive material model. The minimization problem was implemented in MATIAB
(Mathworks, Inc) using the fminsearch routine which is a heuristic optimizer using
the Nelder-Mead simplex algorithm [85]. The optimizer iterates from aarbitrary
initial point towards the optimum solution until the incremental reduction in the
objective function is lesser than a prede ned tolerance. A owch&indicating the

steps of the inverse FE approach is shown in Fig. 5.9.

o
v
v
FrE
f v
A length(Frg) |
length(Fe,p) Tl Feap

-

Figure 5.9: Flowchart of the algorithm used to obtain optimized mateal properties
using the inverse FE approach.
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Note that in Fig. 5.9, the block \contact estimation” has been includd in the
owchart without explicitly describing a technique for it. The contad estimation

procedure is discussed in section 5.6.

5.5.2 Constitutive Material Models

The tissue specimen is modeled as an isotropic, incompressible anddmgp
lastic material. Isotropic assumptions in the indentation direction we considered
valid because datasets such as those in Fig. 5.7 were not included imsthtudy.
Additionally incompressibility conditions were assumed in the tissue spienens due
to the hydrated nature of the tissue specimens in phosphate bued saline (PBS)
during AFM indentation experiments.

In order to model force curves like force curve E2 shown in Fig. 5€gni cant
material nonlinearity needs to be considered in the constitutive matial model. The
force response for the following two incompressible hyperelastic terdals character-

ized by the following strain energy functions were examined.

Wyeon = Ci(l1 3)+ Cy(l1 3)*+ Cy(I; 3)° (5.6a)

Wexe = 1603 9 1) (5.6b)

where (Cy; C,; C3) and (C; b) are hyperelastic material parameters of the Yeoh and
Fung hyperelastic models respectively ant; is the rst invariant of the Cauchy-

Green deformation tensor, expressed in terms of the principarstch ratio 1; ,; 3

125



as:

1= 1+ 3+ 3 (5.7)

where ; , 3 = 1Eqn. (5.6a) represents the Yeoh hyperelastic material [86] wiic
can be viewed as a polynomial extension of the neo-Hookean modaéth{ C,; C3 =
0), and is commonly used to model rubber elasticity. Eqn. (5.6b) repsents an
exponential form proposed by Fung [87], which has been previouslged to model
biomaterials. The presence of higher orders coe cients such &, C3) and bin the
Yeoh and Fung models respectively makes these two models particlylattractive in
describing highly nonlinear force curves such as Fig. 5.6. While the Yematerial
model was pre-de ned in the ABAQUS material library, Fung's modewas not.
Consequently, the user subroutindJHYPER was employed to specify the strain
energy function denoted by Eqn. (5.6b) for the FE analysis.

The hyperelastic coe cients can be related to the specimen's matafs prop-

erties using the relation:

@Weon
=2= - =2C 5.8
0.y EOH @] o3 1 (5.82)
@Wxp
. =2 =2C 5.8b
Oxe @ | ( )

where  is the initial shear modulus, which is related to the initial elastic modulus
Eo by:

Eo=2(1+ ) o (5.9)
When incompressibility conditions ( = 0:499) apply, Eo = 6C; and E; = 6C for
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Yeoh and Fung material models respectively.

YEOH, Rsq: 0.995 FUNG, Rsq: 0.995
Cy =594 A
. Cy =134.72 i ¢'=1.55
i Gy = 4900 Z b=45.0
7 =
Datapoints Datapoints
Contact FE

e Data

Estimate Solution

Figure 5.10: Performance of the (a) Yeoh and (b) Fung hyperelastmodels in
describing the force response for force curve shown in Fig. 5.6.

Fig. 5.10 shows the force curve E2 from Fig. 5.6 overlaid with FE simula-
tion results of indentation on a Yeoh [Fig. 5.10(a)] and Fung hyperedtic material
[Fig. 5.10(b)]. The contact point was assumed to be thekc = 141, as obtained
from the EIV-Bayesian Changepoint algorithm, leading to an indentson of 4331
nm (from Table 5.1) in the simulation. The results demonstrate the ggicability of
higher order hyperelastic material models to reproduce force ees with pronounced
nonlinearity (overall R? > 0:99). The estimated hyperelastic parameters using an
inverse FE analysis were@;; C,; C3) = (5:94;13472,4900) kPa and C;b) = (7 :55
kPa,450) for the Yeoh and Fung hyperelastic models respectively. Using iq(5.8),
the initial elastic modulus was computed to beey = 35:68 for Yeoh's model and
Eo = 45:33 kPa for Fung's model.

Several conclusions can be drawn from the results in Fig. 5.10. Flystesti-

mates of higher order coe cients in the Yeoh model,; C3) are signi cantly greater
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than C;, thereby demonstrating that sharp material nonlinearity in the foce curve
can be successfully captured byd;; Cs), while C; quanti es only the initial tissue re-

sponse to indentation. Compared to the case where only a single el parameter
is extracted from the force curve, i.e. the case whely = 0; C; = 0: a neo-Hookean
hyperelastic model where force and indentation explicitly relates dyong's contact
model [59], the elastic modulus is signi cantly overestimated (11382 kPa, see ta-
ble 5.1), the obvious implication being that more than one material pameter is
necessary to describe the force curves such as the one in Fig. sdfpletely.

Secondly, the quality of t and the estimated initial elastic modulus bag
similar for both the Yeoh and Fung hyperelastic models, a pertinentugstion comes
up: which hyperelastic model should be selected for modeling foregves shown in
Fig. 5.10 ?

A parametric study is demonstrated in Fig. 5.11, where the hyperedac pa-
rameters for the Yeoh and Fung models ([Fig. 5.11(a-c)] and [Fig. 8(H,e)] respec-
tively) are varied individually, and their corresponding force-inderdtion curves are
obtained. Both the Yeoh and Fung models utilize a single paramete@; and C,
respectively to capture the initial tissue response. For increasimgaterial nonlinear-
ity, Yeoh's hyperelastic model uses two parameter§;; and C,, while Fung's model
uses only oneh. In this context, the Fung model is appears particularly attractie
because of one less hyperelastic parameter compared to the Yewdel. From the
perspective of solving an inverse-FE problem (typically for estimatghmaterial prop-
erties from an experimental AFM force curve), it is also likely that te Fung model
would pose less existence and uniqueness problems compared toYeaeh model,
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Figure 5.11: E ect of varying the hyperelastic parameters of the &h (a,b,c) and
Fung (d,e) hyperelastic models individually.

where material nonlinearity is coupled in betweel€C, and C;. In contrast, Fung's
model is fairly decoupled:C quanti es the initial elastic modulus, while b describes
the degree of material nonlinearity. For these reason)e Fung hyperelastic model

is used to describe the observed hyperelasticity in the AFbtde curves.

5.5.3 Sensitivity Analysis

Since the Fung model captures material nonlinearity in AFM force cues
through the parameterb, it is instructive to examine the sensitivity ofb to varying
degrees of nonlinear elasticity in AFM force curves. The estimatedilue of b (=
45.0) in Fig. 5.10 raises an interesting question: is there an existence aotower

bound ofbwhich corresponds to a linear elastic response (the analytical angie of
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which is Dimitriadis's [44] model) ? If this is the case, then the paramatéd could
be used to potentially di erentiate between linear and nonlinear elagt responses
in the tissue specimen, which could serve as an additional mechanisignature for

tissue health.

A =100 nm (

A/h = 0.025) A =200 nm (A/h = 0.05) A = 400 nm (A/h = 0.1) R%

s

Ey (kPa) Ey (kPa) Ey (kPa)
A = 600 nm (A/h = 0.15)

A =900 nm (A/h = 0.225 A = 1400 nm (A/h =0.35)

EO kPa)

Figure 5.12: Sensitivity of the Fung model parameters at varying irehtations.
(@) =100 nm, (b) =200 nm, (c) =400 nm, (d) =600 nm, (e) =90 0
nm and (f) = 1400 nm. Also shown in the third row (g-i) are enlarged gures of
(d-f) where the range ofb is reduced to 1 6. The white dotted line at 400 kPa
indicates the elastic modulus of the linearly elastic material.

A sensitivity analysis was performed to examine values &y(= 6C) and b
that resulted in a good t with a F curve obtained from a linearly elastic

material, and the results are shown in Fig. 5.12. The targef curve was
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obtained by varying the indentation from =100 nm ( =h=0:025)to = 1400
nm ( =h=0:35) on a linearly elastic specimen of elastic modulus 400 kPa and 4
m thickness.

The ranges ofEy and b that t well with the linearly elastic force response
can be compactly expressed by the regic®) R e ) 2 R? where S R2e o ) =
f(Eo; DjR? (Eo; D) > R 3 ihresn O, WhereR2L o, indicates a pre-speci ed threshold
R? value. The term RZ..., has implications for an inverse FE analysis during
parameter estimation - it determines the termination criteria for aninverse FE
solution. In Fig. 5.12,RZ¢ .sn Was chosen to be 0.995 (see colorbar in Fig. 5.42)

For low indentation regimes such as = 100 nm, [Fig. 5.12(a)], moderadly
hyperelastic specimensh( 25 30)° produce a linearly elastic response. With
increasing , the domain of S R2e e ) progressively shrinks. The immediate
implication of this observation is that parameter estimation using an werse FE
approach is likely to yield inaccurate estimates df for shallow indentation regimes

due to the relatively large domain ofS, and it is unlikely that it would

PEtresn )
be possible to di erentiate between linear and hyperelastic tissuesgonse for these
regimes. This e ect can be avoided during AFM experiments by using r@latively
sti cantilever and specifying (1) a moderately large force setpoinh force-controlled
mode, or (2) by setting a large indentation setpoint in indentation-gntrolled mode.

However, for larger indentations, the estimated values df can be used for

di erentiating between linear and hyperelastic tissue response. This evident by

4Minimizing the squared norm of the residuals is equivalent to maximizing he R?.
*The peakbat =100 nm was 67.0 forRZc.iesn = 0:995 (not shown).
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observing that for an indentation of =433 nm in force curve E2 of Hg. 5.10 (see
Table 5.1), the estimatedb was 45.0, whereas the is upper-bounded iNS00.0.995)
by a value of 10-10.5 [see Fig. 5.12(c)]. It now becomes possible tostmutt a clas-

si cation curve (see Fig. 5.13), where the linearly elastic tissue respse is bounded

by kg (), which is de ned as:

FE;thresh

kf:?lg:uli(:thresh () = max fqbz S( ;RF%E;thresh )g (510)

i b5y (A) = 2211e7 00328 4 45 56¢0-00334 -
bg.lggg) (A) — 219_1670.01426A + 18‘25670.0024A
b6 (A) = 760.170-04144 4 18 59000354
4 | |
E - R%E,thresh = 0.992
'E - R%‘E,th'resh =0.995
gNE B - R%‘E,thresh = 0.999 T
g
o
s
Indentation, A (nm)
Figure 5.13: Classi cation curve, showing the variation ofp%* () with  for

F E;thresh
di erent values of RZ¢.iesn - Also shown are the curve ts forbte

F E;thresh
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5.6 Contact Estimation

In chapter 4, the problem of contact estimation associated with A® force
curves on soft tissue was discussed and a probabilistic EIV-Bayasi@hangepoint
algorithm was proposed for uncertainty quanti cation in AFM mechanical character-
ization. One critical assumption was made in EIV-Bayesian Changepbalgorithm:
the post-contactF analytical model was assumed known. It might be recalled
that the EIV-Bayesian Changepoint analysis was restricted to tree force curves
only for which the post-contact regime could be described by the alytical contact
model used. For force curves with pronounced hyperelasticity @te no contact
model exists, the contact estimation problem needs to be revisited

It was initially envisaged that contact estimation could be integratedn the
inverse- nite element algorithm. This would obviate the need to have explicit
analytical contact model for estimating the contact point. Essdrally, this approach
involved augmenting the cost function (from Eqgn. 5.5) with the unkown contact
point index k and simultaneously estimating the set of parametersEg; b; k) that

minimized the augmented cost, as shown below:

X o, X 2
arg min [Fi 11 12t [Fi  Fre(Eo; D] (5.11)
RN i=k+1

where 11; 1, are pre-contact regression parameters, which could be estinthtey
traditional least squares tting. It might be recalled from chapter4 that , was

obtained by subtracting the AFM probe,d, from the vertical probe position,z, i.e.,
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=z d.

However, several numerical di culties were encountered with thispproach.
Standard gradient-based algorithms and heuristic approachescbuas the Nelder-
Mead simplex algorithm [85] converged to local minimas, primarily becse the
curvature of the cost function was signi cantly lower along the diretion of contact
(i.e k) for smooth transitions compared to the directions oE, and b. Since an
inverse-FE approach by itself is computationally expensive, which niigghave to
be implemented on a large number force curves on a given tissue ragib interest
(ROI), the approach of simultaneous estimation of the contact pot and material
parameters was not pursued any further.

In the subsequent section, two approaches for estimating thentact are de-
scribed. First, the bidomain polynomial (BDP) approach without cotinuity con-
straint is discussed, which was proposed by [1]. This can be viewed agdetermin-
istic version of a Bayesian Changepoint probleirthat was discussed in chapter 4,
nonetheless, a description of this approach is presented for tlake of completeness.
Then, a continuity enforced weighted BDP approach is discussed.should be noted

that both these approaches require an explicit contact model.

5.6.1 BDP approach without continuity [1]

It might be recalled from chapter 4 that the contact estimation in anAFM

force curve was cast as a two-regime regression model with a unkn changepoint

6Since spring constant variations are not considered in this sectiorthe EIV-Bayesian Change-
point algorithm reduces to a regular Bayesian Changepoint algorithm

134



separating the two regimes. The two-regime regression model (Eq4.12 from

chapter 4) is restated below:

nt i 12t 1 ifi K
(5.12)

W AW Q0

21+fi 2+ - if K+1 [ n

where F; is the observed force obtained by multiplying the de ectiond, by the
probe spring constantk,, ; =[ 11 1]l and , =[ 21 2]" are the pre-
contact and post-contact regression coe cients respectively, is the transformed

variable obtained as; = z d;, k 2 (1;n) is the unknown contact index forn

id id

datapoints, ; ~ N(O; 12); » = N(O; ,?) are the error terms in the pre-contact
and post-contact regimes respectively, anf] is the contact model.

The bidomain polynomial (BDP) approach seeks to obtain optimal eshates
(k; " ;™) that minimizes the error between the observed force readings and the
tted force estimates from the regression model of Eqn (5.12).

As in chapter 4, the force data can be written in compact form ag% =
h i h i h i
Fi, F, F« ,FY¥= Fui Fue Fh andF = FYX FX. The
right hand side of Eqn. (5.11) form the design matrices given by:

3t

2
1 1 ::: 1
xi=§ L

1 2 ik
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2
ngg 1 1 12 (5.13)

f k+1 f k+2 it f n
. . . . k k .
The optimal estimate for the regression coe cients ’(1; ’\2) at eachk is there-

fore given by:

AK A

k L .. . ..
("7 =argmin iFT X 4ji*+ [Py X3 o0 (5.14)
1
Egn. (5.14) is the least squares problem, whose solution is given by:

MEIOXOTXE X TR,

M= IXETXE YX TR, (5.15)

The BDP estimate of the contact point obtained by performing a lineearch on the

sum of squared residuals (SSR), and is given by:

k =arg min SSR (5.16)

1<k<n

where
.. nk.. .. nk..
SSR=jiFi X1 i®+jiFs X3 ii° (5.17)
5.6.2 Continuity-constrained weighted BDP approach

In the unconstrained BDP approach discussed in section 5.6.1[1], mmtnuity

is considered at the changepoint, i.e. »; is not necessarily equal to 1; + ¢ 12
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Not enforcing continuity did not signi cantly impact the contact point estimate in
chapter 4, primarily because the contact model tted the post-contact dection
data well. For sharply nonlinear force curves for which no contact mdel exists, it
is unlikely that the contact estimation would be accurate.

As a result, a modi cation to the BDP approach is proposed, with camuity

enforced at the contact point. This leads to the following constratn

215 1t k12 (5.18)

Due to the constraint in Eqn. (5.18), the regression parameter ape reduces to
three unknowns: = =[ 1 12 2»]". The modi ed regression model from Eqn.

(5.12) are given by the following equations:

2 3 2 3
Fq 1 1 0
2 3
11
Fr 1 K 0
= i (5.19)
I:k+1 1 k 1:k+1
22
I:n 1 k fn

It might be recalled that the EIV-Bayesian Changepoint implementation on simulated data
(section 4.4.2) yielded the posterior mean of the contact point within3 datapoints of the ground
truth.
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In vector form, these equations are given as:

_ kK _k
@, " 18, 12,

Since the contact modef; is unlikely to t the entire post-contact force data for
highly nonlinear force curves, weights are added to the residuals tbe regression
model to restrict the tting range near the contact transition. This is accomplished
. . . . PP — P——

by de ning a diagonal weight matrix W ¥ = diag(" wk;;  wk,;:::;" wK)) where
wk2 R

The weights are assumed Gaussian, and are given as follows:

1 g 2
Wi = Wgpe Z_%I_(I ¥ (520)

Note the dependence of the weights around the candidate corttgoint k -

this ensures that the contact transition is captured by the regssion model.

Similar to the unconstrained BDP approach, the optimal regressiatoe cient

estimate ~ for a given contact pointk is given by:
K= argmin jw (F X “)jj? (5.21)
The weighted least squares solutiof® is given by:

=[x T W R TW R ] e Tw kE (5.22)
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The constrained BDP estimate of the contact point obtained by pérming a

line search on the sum of squared residuals (SSR) and is given by:
k =arg min SSR (5.23)
1<k<n

where

SSR= ji(F X %K)j2 (5.24)

5.6.3 Choice off; for automated data analysis

Central to both BDP model (with and without continuity constraint) is the
post-contact regression model denoted bf;. As discussed previously, analytical
force-indentation relationships are not available beyond neo-Hosdkn hyperelastic-
ity. In this context, it must be noted that the need to estimate thecontact point
and estimate hyperelastic material parameters (using inverse FBjises only when
there is prominent hyperelasticity in the force curves - otherwis¢he proposed ap-
proach in chapter 4 su ces in accurately quantifying mechanical mperties from
AFM force curves.

It therefore seems prudent to use Dimitriadis's force-indentationelationship

asf; in the BDP approaches suggested in sections 5.6.1 and 5.6.2. Using Dimit
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adis's model [44]f; is given by:

(i 0B +1:13P(, )2+1:283(; )25 ifk+1 i n

E

+0:769 P (|, )3+0:00752(, )35
(5.25)

where = R=h? If Dimitriadis's model t ( R3;, ) exceeds a thresholdR3; iresn )
after the contact point is established either using the regular BDP rothe con-
strained weighted BDP approach, no inverse FE analysis is requirethee the force
curve represents linear elasticity in the material, which is adequatetaptured using
Dimitriadis's model. In the case where the post-contact t to Dimitriadis's model is
poor, inverse FE estimation is invoked with the Dimitriadis's solution astte initial
condition, which is terminated when theRZ. reaches the thresholRZ¢ ;cen - A
pseudocode describing the proposed automation strategy is givienbelow (Algo-

rithm 1).

5.7 Results

In this section, the algorithm shown in Algorithm 1 is implemented on AFM
force curves of varying degrees of elasticity. The proposed apach is rst validated
on simulated force curves. Then, the performance of the promasapproach is

demonstrated on a tissue elastic map.
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input : AFM force curve, R, . inesh 'REE tresh -
output : Material parameters.

Multiply de ection with probe spring constant to obtain force;
Contact Estimation: Estimate contact point using BDP based
approaches;
Dimitriadis Curve tting: Fit F to Dimitriadis's contact model
to obtain Epim , R3;, ;
if RZDim > RZDim;thesh then
\ Linear Elasticity:  Estimated material parameter:E  Epim ;
else
| Hyperelasticity:
end
initialize Cy; Epim =6 ,b  30;
Invoke Inverse FE routine with RZc.qeen i
Estimated material parameters:E,  6C, , B
Algorithm 1: Pseudocode for automated force curve analyis

5.7.1 Parameter reidenti cation on simulated force curves

Three AFM force curves (S1-S3) are simulated with varying degreef hyper-
elasticity. The parameters used to construct force curves argévgn in Table 5.2.
Additionally, the force values were perturbed by Gaussian noise [N (0; 0:05)]. The
threshold parametersR3; . iesn @Nd RZe.0sn Were set to 0.980 and 0.999 respec-

tively.

Table 5.2: Parameters used to construct the simulated force caw

(Contact k, Inden- | Linear Hyperelastic
Datapoints n) | tation | Elastic Modulus | Parameters E; b)

Force Curve S1|| (501,900) 400 nm| 200 kPa
Force Curve S2|| (501,900) 400 nm (65 kPa,60)
Force Curve S2| (501,900) 400 nm (45 kPa,120)

Performance of the unconstrained BDP [1] and continuity-consdined weighted

BDP methods applied to force curves S1, S2 and S3 are shown in Figl4s The
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weighting parameters used were/, = 30; ,, = 3. In addition, the performance of
the continuity-constrained weighted BDP is investigated without aditional weights,

i.e. WK = I, wherel is the identity matrix. It is clear from Fig. 5.14(a-c) that

when the material is linearly elastic, all three approaches producése contact es-
timates compared to the ground truth (50¥ datapoint). This is primarily because
the Dimitriadis contact model, i.e. [44] produces an elastic responsavhich was
used to obtain force curve S1. The unconstrained BDP estimate [Ftgl4(a)] can
be further corrected using a Bayesian Changepoint scheme, (asntnstrated in
chapter 4) and it is likely that the 95% con dence intervals will containthe ground

truth.

With increasing hyperelasticity in force curves S2 and S3, it is evidetitat the
performance of all three approaches degrade. However the tomnty-constrained
weighted BDP approach signi cantly outperforms the other two aproaches. This
is primarily because the tting range is restricted by the assigned wghts. In the
absence of any weights, the continuity constrained BDP still outgorms the un-
constrained BDP approach, however the estimation error is signiant.

One of the shortcomings of the continuity-constrained weighted®P approach
is that weights require to be tuned to produce correct estimates the contact point
for sharply nonlinear force curves. It is possible to reduce the ¢ant estimation
error in Fig. 5.14(h) further by increasing the weights, however,evy large weights
( i < 3)tends to yield false minimas in the sum of squared residuals (SSRh&tion.
Typically, wy = 30; , = 3 works optimally for force curves with moderate to large
nonlinear elasticity (such as force curve S2) in the force curves.orHorce curves
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such as S3 with very largdy, however, this contact estimation error in inevitable

using the current approaches.
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Figure 5.14: Performance of the three contact estimation methedor simulated
force curves S1 - S3 (shown row-wise). The rst column shows teem of squared
residuals (SSR) using unconstrained BDP (red) for force curve&-S3 (a),(d),(g) re-
spectively. The second column shows SSR variations using consteairBDP (blue
and green) for S1-S3 (b),(e),(h) respectively. The third column skwvs the corre-
sponding contact point on the force curves S1-S3 (c),(f),(i) resptively. The contact
point estimates using the unconstrained and constrained BDP appaiches are also
shown at the base of the SSR curve.

Fig. 5.15 shows the Dimitriadis curve tting and inverse FE solution stps
of the proposed automation strategy. The continuity-constraied weighted BDP

method is chosen for contact estimation since it outperforms thenaonstrained BDP
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and the unweighted continuity-constrained BDP. For force curv&1, the Dimitriadis

contact model produces a very good t and therefore invocatioaf the inverse FE

routine is not necessary. For force curves S2 and S3, the invefdgé routine is

invoked. The estimatedE, and b from the inverse FE are very close to the ground

truth values for force curve S2. For S3 however, the there is astienation error of

100%, which is a direct consequence of the contact estimation &rro

—— Ground Truth e Post-contact Force
------- Contact Dimitriadis
R = 0.999
% E=Epim
: Z = 196.96 kPa
3
E=20kPa] =
Datapoints Indentation, A (nm) e Post-contact Force
Inverse FE
2 —
R, = 0.892 Rpp =0.999
Zz - = By =171.82 kPa
= — 65 kP: Z 0
2 Ep = 65 kPa % Epim = 207.50 kPa 6 =607
<5 N2 o = 60.
8 - g
5 g g
= = IS}
ﬁ =
Datapoints Indentation, A (nm) Indentation, A (nm)
; X 2
R%,,. =0.769 R% 5 = 0.999
. hEO :1;55 kP Z % Eo = 94.54 kPa
G - = Epim = 799.51 kPa, - b = 150.69
=] P -
= o o
F-a = =
Datapoints Indentation, A (nm) Indentation, A (nm)
Contact Dimitriadis Inverse
Estimation Curve Fitting FE

Figure 5.15: Implementation of the proposed algorithm for automati characteriza-
tion for simulated force curves S1 - S3 (shown row-wise). Note thhe inverse FE
correction step was not required for curve S1.
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The estimated parameters for all three force curves S1-S3 abutlated in

Table 5.3.

Table 5.3: Summary of algorithm performance on force curves S32-SUnits of E and
Eo are in kPa. G.T. indicates ground truth.

Force || Contact Point k Material Parameters

Curve || G.T. (k) | (K) || G.T.(E) | (Epm) | G.T. (Eo) | (Eo) |G.T.(| (D
S1 501 501 200 196.97

S2 501 517 65 71.82 60 60.78
S3 501 593 45 94 .54 120 150.69

5.7.2 Implementation on elastic map

In Fig. 5.3, an elastic map on a tissue ROI was shown where the spatibstri-
bution of the t quality ( R?) was not uniform throughout. The proposed algorithm
for automated characterization (Algorithm 1) is implemented on allthe force curves
acquired in the elastic map to investigate if the inverse-FE correctioyields more
accurate characterization results. Due to the computational sb involved for the
inverse-FE routine, a modest termination criteria for the invers&E procedure was
set (RZg.iresn = 0:992), while R, esn = 0:980 was used for detecting linear
elasticity in the force curve.

In Fig. 5.16, the implementation of the proposed algorithm is shown.idr 5.16(a)
shows the elastic modulus when no inverse FE corrections are impleneel, i.e. the
Dimitriadis model is used to t all the force curves after the contatpoint is esti-
mated using the continuity-constrained weighted BDP approach. Ae spatial dis-

tribution of the corresponding R?) in Fig. 5.16(b) shows that the t quality is still
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2
RDim

Figure 5.16: Implementation of the proposed algorithm for automatl characteriza-
tion on a tissue ROI shown previously in Fig. 5.3. (a) Elastic map using éhDimitri-

adis model only without any Inverse FE corrections, (b) Correspaling post-contact
R3.. t, (c) Elastic map ( é) with inverse-FE correction, (d) CorrespondingR2,,
t, where R2,, = max(R3,, ;RZc). White spaces indicate force curves that were

not analyzed due to presence of multiple potential contact pointaush as those in
Fig. 5.7.
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non-uniform. When the inverse FE correction is implemented, it beates apparent
that the (R?) distribution improves signi cantly, because force curves with magrial
nonlinearity are now accounted for using Fung's hyperelastic paraters.

In the elastic map, there were a few force curves that displayed ttiple contact
points, as shown previously in Fig. 5.7. These force curves were amialyzed and
their corresponding pixel location in the elastic map an&? distribution have been
marked with blank white spaces.

Fig. 5.17 shows the estimated Fung parametéras a function of the estimated
indentation, computed using the inverse-FE routine. The inverseE routine was
invoked for correcting 268 force curves out of a total of 729 in e¢helastic map
shown in Fig. 5.16(a). Also shown in bold red is the predicted valuggs, for a
linearly elastic response, as obtained from the sensitivity study. kan be seen
from Fig. 5.17(a) and Fig. 5.17(b) that hyperelastic force curvesan be clearly
di erentiated from the predicted linear elastic response (classi d&n curve in bold
red). This would not have been possible without invocation of the invee FE-
routine.

On closer examination of Fig. 5.17(b), it becomes apparent that the was a
signi cant population of force curves that showed very low values (0:001 0:1)
in the estimated parameterﬁ. One such representative force curve is shown in
Fig. 5.18. These force curves show surprisingly linear force-indatbn curves, which
is probably due to material softening during the AFM loading. Theseofce curves

did not t well even after invocation of the inverse-FE routine.
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Indentation, A (nm) Indentation, A (nm)

Figure 5.17: (a) Variation of estimated Fung parametef from the Inverse FE
analysis as a function of the estimated indentation (using the corgaestimate), (b)
zoomed image. Also overlaid in red ig)gs,( ).

Figure 5.18: Representative force-indentation plot with low estimat bvalue (I':‘\O;B)
= (153.21 kPa,0.005) withR2. = 0:977. The Dimitriadis solution wasEpj, was
146.14 kPa withR2. = 0:975.

Dim
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5.8 Conclusions

AFM characterization studies on normal and cancerous breast$ige specimens
for histopathological inference necessitates very large scale ARiMientation data
acquisition and processing. In this chapter, some of the key issuasautomating
AFM data analysis on spatially heterogeneous tissue specimens waddressed. The

major highlights of this chapter are enumerated as follows:

1. The applicability of the Hertz contact model in extracting elastic mdulus from
AFM force curves on tissue specimens were highlighted and existiresearch

that overcame Hertzian limitations were reviewed.

2. To account for hyperelasticity beyond neo-Hookean approxirtian, the Fung
type phenomenological hyperelastic model was proposed to extranaterial

properties from highly nonlinear force curves.

3. Through a sensitivity study, bounds of the Fung model paramet b was ob-

tained that approximated a linear elastic tissue response.

4. A modi ed version of the BDP contact estimation algorithm[1] was poposed,

that could estimate the contact point accurately in nonlinear forceurves.

5. An automation strategy was proposed that could accurately &snate material
properties and the contact point from simulated force curves witlvarying

degrees of hyperelasticity.

6. On implementation on an entire ROI, it was observed that the propsed au-
tomation strategy could signi cantly improve t quality in the elastic m ap of
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the ROI, thereby validating the research hypothesis of this chagpt.

There are some limitations associated with the proposed approactsclssed

in this chapter, namely:

1. In this analysis, a constant value of the indenter radiusR = 2:5 m) was
used. Varying the indenter size is likely to impact the results of the ssitivity
studies in section 5.5.3. However, the probe bead size is unlikely to eteéhe
major conclusions of this study, since it would still be possible to di entiate
between a linear and an hyperelastic tissue response based on tsterated

Fung parameter,ﬁfrom the inverse FE analysis.

2. It was observed that for force curves possessing very higlgoees of hyperelas-
ticity, the contact estimation did not perform satisfactorily. This was primarily
because the force-indentation contact relationship used in thegmssion model
was not capable of explaining very high nonlinear tissue response.tdbtish-
ing a contact model for the Fung type hyperelastic materials remasma subject

of future work.

3. Anisotropy of the tissue response in the direction of indentatiowas not con-
sidered in this work. Currently, force curves that display anisotnay (shown in
Fig. 5.7) are isolated from the data analysis procedure after visuallgcating
them. An automated strategy using multi-changepoint estimation mght be a
promising solution to identify and isolate these force curves in an wyservised

manner.
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Chapter 6
Conclusions and Future Work

6.1 Conclusions

This dissertation summarizes research directed towards perfang accurate
mechanical characterization on breast tissue specimens with theant of establish-
ing quantitative mechanical markers for cancer progression in theiman breast.
Due to variability in the tissue elasticity across patients, it is di cult to conclu-
sively attribute mechanical signatures to the onset and prograea of cancer in the
tissue specimens, however, this dissertation presents extensn@k that has been
carried out towards achieving that goal. Several challenges wemceuntered while
carrying out preliminary AFM characterization experiments on tissa, which served
as the basis for chapter 2 of this dissertation. In the subsequectapters 3-5, each
of these challenges were carefully examined and their solutions pospd. Based on
the research work done and experimental results obtained in thigsdertation, the

following conclusions can be made:

1. Breast tissue specimens obtained from biopsy samples are highétenoge-
neous in their composition and therefore, accurate mechanicabehcterization
should incorporate elastic map acquisitions (as discussed in chapdyinstead
of random pointwise sampling in the annotated areas of the tissueespmen
(as discussed in chapter 2).
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2. Obtaining representative tissue samples for quantifying mechaal property
alterations in cancerous tissue compared to normal tissue is a vetyallenging
exercise. As observed in the results in chapter 3, tissue elasticityasstrong
function of the individual patient from whom the biopsies were taken It is
therefore recommended that for future characterization stuels, normal and

cancer cores be extracted from the same patient.

3. Stromal tissue was consistently found to be more sti comparet epithelial
regions in all the characterization experiments that were condusd. It is
therefore recommended that these regions need not be sampladnauch as

epithelial regions for future characterization studies.

4. A probabilistic approach for tissue elastic modulus estimation prales a greater
degree of certainty in the characterization results since it incorpates errors

in the AFM probe calibration protocol and contact point uncertainiy.

5. The direct implication of tissue heterogeneity is that AFM force awes ac-
quired during raster-scanning need to be carefully post-processto identify
contribution of nonlinear elasticity in the force curves. Least squa tting of
the raw AFM data to existing contact models is attractive from the omputa-
tional point of view; however, as observed in the results in chapté;, a single
contact model does not account for all force curves obtained rihg raster

indentations on the tissue specimens.
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6.2 Contributions

The contributions presented in this dissertation can be summarizex follows:

1. Development of a long range positioning systen& semi-automated position-
ing system has been proposed that overcomes some of the slwrings of
using manual tissue-AFM probe alignment and manual registration ethods.
Using image feedback, it was demonstrated that tissue ROIs beybthe range
of conventional AFM X-Y stages could be raster-scanned. It wadso shown
that manual registration needed to be performed only twice durinthe AFM
experiments using the proposed system, in contrast to repetitiveanual reg-
istration that needed to be periodically carried out to ensure thattie probe

was localized correctly with the stained image.

2. ElIV-Bayesian Changepoint algorithm: An integrated probabilistic approach
for estimating material properties from raw AFM data after incorprating
errors in contact estimation and AFM probe spring constant calibrgon vari-
ability was proposed. It was shown through extensive analysis th#te algo-
rithm responded satisfactorily to varying degrees of calibration srs and the

accuracy of the results was validated on simulated AFM force curse

3. Hyperelastic constitutive modeling of breast tissudt is generally the practice
for AFM data analysis procedures to curve-t bulk AFM data to andytical
contact models. While computationally inexpensive, might lead to inaacate

estimates of the tissues' elastic modulus when the tissue resporsesharply
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6.3

nonlinear. Using nite element modeling techniques, it was shown palse to
account for material nonlinearity through an exponential hypeidastic material

model, which signi cantly improved characterization accuracy.

Future Work

The possible directions for future work in this area are:

. Characterization of stained tissue specimendn this dissertation, AFM-based

tissue characterization was restricted to unstained tissue spe@ns to preclude
any tissue alterations due to staining. If stained tissue responseargllels
those in unstained tissue, then stained tissue specimens could bedigor
characterization. This would additionally aid in manual registration ofthe

annotated images with the tissue used for AFM probing.

. Characterization of normal and cancerous specimens fromdlsame patient:

Future work might be directed towards patient-speci ¢ charactazation of

normal and cancerous tissue specimens.

Automated registration: Further throughput improvement with AFM charac-
terization could be achieved if the stained annotations could be auttically
registered with the tissue used for AFM probing. This can be perfored using

multimodal registration techniques.

. Non-parametric contact estimation: In the contact estimation strategies pro-

posed in chapters 4 and 5, an explicit contact model needed to besds Con-
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tact estimation strategies that do not require a contact model mig be par-
ticularly attractive for estimating the contact point in force curves that are

not described by existing contact models.

5. Integrated computational framework for tissue charactezation: In this dis-
sertation, the various steps involved in AFM characterization (prbe spring
constant, contact estimation and tissue constitutive modeling) we treated in
a piecemeal manner. This was primarily because the EIV-Bayesian &ige-
point algorithm (in chapter 4) required an explicit contact model andthere
were no such models for highly nonlinear force curves, as seen irpteéa5. Fu-
ture work might be directed towards developing contact models fexponential
hyperelastic response on the lines of those proposed by lenal. [74] which
also accounts for nite-indentation. This would allow uncertainty guanti ca-
tion of the tissue properties using the probabilistic tools developed shapter
4. Con dence intervals thus generated could be used in interval-oartainty

incorporated hypothesis tests, as suggested in [56] for infererpurposes.

The experimental and computational strategies proposed in thisigertation
could have a signi cant impact on high-throughput quantitative stulies of bioma-
terials, which could elucidate various disease mechanisms that areepbtyped by

their mechanical signatures.
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Appendix A

Finite indentation response of Hertz and Dimitriadis contat models

In this appendix, the ability of Hertz and Dimitriadis contact models toac-
count for nite indentation on thin specimens is investigated by comaring it with
a nite element (FE) response.

Simulated contact forces obtained by performing spherical indeation on a
linearly elastic FE model of a tissue specimen # thick with varying elastic mod-
ulus E (from 10 kPa to 2500 kPa) were tted with Dimitriadis and Hertz contact
models, resulting in the tted moduli Epj, and Ener, respectively. The normal-
ized parameters€Epi, =E and Eer; =E were obtained for varying indentation depth
(from = 50 nm to = 1400 nm). Two probe bead sizes R = 2:5 m and
R = 5:0 m were used for investigating the impact of indenter size on predictis
from Hertz and Dimitriadis contact models.

Fig. A.1 summarizes the results of the analysis performed. Figs. Aa)(shows
the variation of Eye, =E and Epiy, =E for a probe bead radius oR = 2:5 m
with increasing indentation depth and the corresponding t quality R?) is shown
in Fig. A.1(b). It becomes clear that the Hertz model signi cantly oerestimates
the elastic modulus with increasing indentation depth due to the viol&n in in-
nitesimal assumptions. The corresponding t quality too shows deeriorates with

increasing indentation. The overestimation in the Hertz responseonsens further
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for a larger bead size oR =5:0 m [Figs. A.1(c) and (d)].

Normalized Elastic Modulus

Normalized Elastic Modulus

Figure A.1: (a) Variation of Ene, =E and Epjn, =E for R = 2:5 m, (b) Corre-
spondingR? t quality, (c) Variation of Eper, =E and Epi, =E for R =5:0 m and
(d) CorrespondingR? t quality.

In contrast, it is clear that for both bead sizes, the Dimitriadis modeaccu-
rately estimates the elastic modulusEpj, =E 1) for shallow as well as deep in-
dentations. This analysis conclusively proves the applicability of Dimitadis model

in estimating tissue elastic modulus from AFM indentation on thin speciens such

as the breast tissue specimens studied in this work.
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