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Abstract 
 

Articular cartilage possesses unique material properties due to a complex depth-dependent composition 

of sub-components. Raman spectroscopy has proven valuable in quantifying this composition through 

cartilage cross-sections. However, cross-sectioning requires tissue destruction and is not practical in-

situ. In this thesis, Raman spectroscopy-based multivariate curve resolution was employed in porcine 

cartilage samples (n = 12) to measure collagen II, glycosaminoglycan, and water distributions through-

the-surface and in cross-sections. These data were then used to create depth-dependent material 

property finite element models of cartilage, optimized to match experimental results. Through-the-

surface Raman measurements could predict composition distributions up to a depth of approximately 

0.5 mm. Depth-dependent FE models averaged an 18% reduction in error for predicted reaction force 

compared to simplified homogeneous distribution models. Use of a fructose-based optical clearing 

agent was found ineffective in homogenizing scattering. This measurement technique could be 

applicable for non-destructively modeling the evolution of joint diseases such as osteoarthritis. 
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Chapter 1: 

 

Introduction and literature review 
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1. Introduction  

1.1 Problem statement 
 

Everyday locomotion in humans results in their musculature exerting forces on the surrounding bones. 

The resulting movement is dependent on bone-to-bone connections to transfer these forces and 

moments to the desired location. The linkages that make this possible in the majority of the body are 

diarthrodial, or synovial, joints [1]. Within diarthrodial joints the bearing surfaces enabling this motion 

are made up of a tissue called articular cartilage [2]. Failure of these joints leads to arthritis [1] which is a 

term used to describe over 100 joint related diseases [3]. When this joint failure is specifically related to 

the destruction of articular cartilage, and without inflammation, it is known as osteoarthritis (OA) [4]. 

OA is a chronic and debilitating disease which can severely limit the quality of life in those affected [5]. It 

is also the most common joint disease among adult humans [6], with some studies suggesting up to a 

third of the adult population show radiological symptoms [7]. Reports from Statistics Canada estimate 

10% of the population above the age of 15 is affected by OA [8]. While inflammation is a major side 

effect of OA, it is not considered a classic inflammatory disease due to the lack of a systemic 

inflammatory response [9]. The average age of symptom onset in Canadians is approximately 47 years 

old, with the majority of cases (55%) being reported in the people above the age of 49 [8]. While OA is 

reported in numerous joints, the high load bearing knees and hips are more commonly affected [6, 8]. 

Based on these statistics alone it is clear that joint diseases in general, and OA specifically, represent a 

significant burden to the Canadian health care system. Direct costs of OA on the Canadian economy are 

expected to exceed $500 billion by the year 2040 [5]. While its symptoms are well documented, the 

specific origins of the disease are not well understood. However, its pathogenesis is intimately linked to 

slowly developing changes in the complex structure and composition of articular cartilage [4]. Research 

into better understanding the role sub-components play, along with their distributions, in this 
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composition is essential to gaining information about the etiology of joint diseases like OA. It also offers 

key insight into the general functionality of this remarkable tissue. 

1.2 Diarthrodial joints 
 

Diarthrodial joints, for example shown in Figure 1.1, are a feat of evolutionary biomechanics enabling 

nearly friction-free (μf = 0.005-0.05) movement for hours a day under loads up to ten times body weight 

[1, 10]. The simplified structure of these joints consists of adjacent bone ends surrounded by synovial 

fluid and encapsulated by a fibrous tissue [11]. The contacting bone ends are covered in hyaline cartilage 

which acts as the bearing surface for load transmission. Lubrication of these contacting surfaces relies 

on a complex interaction of tissue and hydrodynamic properties [12]. The non-Newtonian synovial fluid 

in the joint cavity, produced by the synovium, provides a lubricating film less than 15 µm thick [1] for 

these contacting surfaces. The lubricating properties of this fluid are mainly due to the presence of 

glycoproteins like hyaluronate and lubricin [1, 10, 12, 13]. The synovial fluid also serves as the primary 

medium of nutrient delivery for the cartilage cells due to their lack of a direct blood supply [14]. This lack 

of direct blood supply means cartilage is limited in its healing capacity. This also means the tissue must 

rely on its complex load transfer mechanisms, derived from its composition, to prevent degradation. 
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Figure 1.1: Diagram of diarthrodial joint with labeled components. Adapted with permission from D. 
Wilkin, and J. Brainard, “Human Biology”,CK-12 Foundation, Copyright(2015). 

1.3 Articular cartilage composition 
 

Within the human body there are three forms of cartilage, which are hyaline, elastic, and fibrocartilage 

[10]. Hyaline cartilage is the predominant form present in diarthrodial joints, where it is referred to as 

articular cartilage when present on the articulating ends of bones [1]. Articular cartilage is a porous 

material made up an extra cellular matrix (ECM) filled with interstitial fluid and a multitude of macro-

molecules. The interstitial fluid phase of articular cartilage accounts for approximately 80% of the tissue 

wet weight [15]. The solid structure is predominantly formed from linked collagen II fibrils creating a 

scaffold, with embedded chondrocyte cells that produce ECM components [2]. The ECM is also 

comprised of proteoglycans which make up the second largest portion of organic material in the tissue 

[1] along with traces of different collagen types (V, VI, IX, XI) as well as elastin. Proteoglycans consist of a 

protein core to which are covalently-bound branches of glycosaminoglycans (GAG) shown in Figure 
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1.2(b). These GAG branches consist of highly charged hydrophilic polymer chains, made from 

disaccharide subunits, which fan out to cover a large area within the ECM pores [16]. Negative charges 

present on these polymer chains attract the positive ends of bipolar water molecules which impedes 

flow. This causes the tissue to swell in its attempts to balance the charges present on the GAG side 

chains and ion concentration gradients in the interstitial fluid. The resulting pressures this swelling 

induces are known as Donnan osmotic pressures, contributing to the overall compressive stiffness and 

permeability of cartilage  [17, 18].  

When a load is applied to the tissue surface the ECM begins to deform and the reduction in volume will 

cause an outflow of interstitial fluid. However, the extremely low tissue permeability (on the order of  

10-15 m4/N∙s [15]) results in high fluid pressure. This flow regulation is critical to reducing stress in the 

ECM as the pressurized fluid typically provides 90% of the bearing capacity in dynamic loading situations 

[19]. With the load held constant, the fluid will gradually flow out, reducing the pressure and 

transferring the load support to the ECM. 

 

Figure 1.2: (a) Articular cartilage ECM sub-components interacting within the tissue. (b) Proteoglycan 
structure and scale. Reprinted from Biomaterials, 13(2), V.C. Mow, A. Ratcliffe, A. R. Poole, “Cartilage 
and diarthrodial joints as paradigms for hierarchical materials and structures”, pg. 74-75, Copyright 
(1992), with permission from Elsevier. 
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1.4 Articular cartilage structure 
 

The macroscale structure of articular cartilage is traditionally sub-divided into three main zones: The 

superficial zone, the middle zone, and the deep zone [10]. The superficial zone comprises the top 10-

20% of the tissue thickness. In this zone collagen fibrils are primarily arranged parallel to the articular 

surface to aid in resisting the shear forces present during joint movement [10]. The next 40-60% of 

tissue depth is classified as the middle zone where collagen fibrils are more randomly oriented. The 

remaining 30-40% of the tissue makes up the deep zone. In this region collagen fibrils are primarily 

oriented perpendicular to the articulating surface and insert into the subchondral bone below [1, 2]. The 

tissue-bone interface is bridged by a calcified zone, starting at the ‘tide mark’ illustrated in Figure 1.3. 

Throughout these zones the proteoglycan content gradually increases with depth [20, 21]. Water 

content reaches its maximum (90% wet mass) near the bearing surface before dropping and maintaining 

approximately 75% of the wet mass in the middle and deep zones [22]. The chondrocytes distributed 

throughout these regions begin with an elliptical shape in the superficial zone and gradually transition to 

a spherical shape in the deep zone [14]. These chondrocytes embed themselves in the ECM through the 

less stiff pericellular matrix (PCM) with an approximate thickness of 3-4 µm [23]. As noted by Darling et 

al. [23] the exact function of the PCM is not entirely known, but it is thought to aid in protection of the 

chondrocyte as well as transmit mechanical stimuli from the surrounding tissue.  
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Figure 1.3: Depth dependent structure and composition of articular cartilage. Reprinted from Phys Ther 
Sport, 16(4), Brody L.T., “Knee osteoarthritis: Clinical connections to articular cartilage structure and 
function”, pg. 302, Copyright (2015), with permission from Elsevier. 

1.5 Osteoarthritis 
 

In spite of its prevalence the specific causes of OA are not well understood [24]. The onset of the disease 

is typically classified as either primary or secondary with the latter being an indirect result of trauma, 

obesity, malposition, or other sources [6]. The degeneration of the cartilage is typically accompanied by 

a remodeling of the underlying subchondral bone, development of osteophytes, narrowing of the joint 

space, and various biochemical changes in the joint as a whole [4, 9]. Degradation of the synovial fluid is 

also typical in osteoarthritic joints, hindering its fluid film lubrication properties [13]. 

The early stages of the disease are thought to be a result of localized disturbances in the catabolic and 

anabolic regulation of the ECM by chondrocytes and matrix proteinases [9, 25]. Once these disruptions 

to regular tissue maintenance pass a threshold the damage becomes irreversible [6]. As this progresses 

the associated destruction of the ECM is accompanied by a depletion in proteoglycan content, 
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particularly near the surface, which further exacerbates the matrix degradation [4, 9]. This alteration in 

tissue composition results in an increase in water content and tissue permeability. This has been shown 

to be a side effect of the reduced flow regulating capabilities by the remaining proteoglycan content [26, 

27]; dramatically altering the mechanical properties of the tissue [28]. The net result of these changes is 

reduced interstitial fluid pressurization of the cartilage and a reduction of its compressive stiffness, 

particularly in the dynamic phases of loading [29]. In late stages of OA, the tensile stiffness of cartilage 

can be reduced up to 90% compared to healthy tissue [19]. 

Once symptoms develop, damage is typically graded using scales associated with physical evaluations 

and medical imaging [6]. A commonly used scale for OA classification is the Kellgren and Lawrence grade 

based on radiological assessments of the joint [30]. Diagnosis and monitoring of the disease in early 

stages of development is difficult due to subtle changes thought to be mainly biochemical in nature. 

However, use of vibrational spectroscopy in arthroscopic joint surgeries has recently shown potential in 

this area [31–33]. Near-infrared spectroscopy, with the use of machine learning, has demonstrated 

reliable predictions of proteoglycan content in the superficial zone of cartilage [31] and related 

mechanical properties arthroscopically [32]. The use of Raman spectroscopy has also shown similar 

potential arthroscopically for the differentiation of heathy vs. OA cartilage [33]. 

1.6 Raman spectroscopy 
 

Raman spectroscopy has been shown capable of not only discerning minute changes to the structure of 

cartilage [24, 34, 35], but also determining macro-scale composition and organization in tissue cross-

sections [20, 21]. 

In a simplified manner spontaneous Raman scattering of light can be explained as follows. When a 

material is irradiated with light, the oscillating electric field of the light sets the electrons of its 
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constituent molecules into oscillatory motion. This induces an electric dipole moment, which can be 

expressed mathematically in the simplified case of a diatomic molecule as in Eq.(1). Here µ𝑚(𝑡) 

represents the dipole moment as a function of time 𝑡, 𝛼(𝑡) represents the polarizability, 𝑐. 𝑐. is the 

complex conjugate, and 𝐸0 and 𝜔0 represent the vibrational amplitude and frequency of an incident 

electric field (𝐸(𝑡)) respectively. 

µ𝑚(𝑡)  =  𝛼(𝑡)𝐸(𝑡) = 𝛼(𝑡)(𝐸0𝑒−𝑗𝜔0𝑡 + 𝑐. 𝑐. )   (1) 

However, the electrons are bound to the nuclei. As a result the electron polarizability depends on the 

nuclear motion 𝑄(𝑡) and can be expressed as a Taylor series expansion as shown in Eq.(2)[36]. In this 

equation 𝛼0 represents the polarizability at the equilibrium position [37]. 

𝛼(𝑡) =  𝛼0 + (
𝜕𝛼

𝜕𝑄
)

0

𝑄(𝑡) + ⋯ (2) 

The nuclear motion along 𝑄 (shown in Eq. (3))can be assumed to be that of a classical harmonic 

oscillator [36], and specific vibrational modes have a non-zero rate of change in polarizability with 

respect to nuclear displacement. In Eq. (3) 𝑄0 is the amplitude of the nuclear motion, 𝜔𝑚 represents the 

nuclear resonance frequency, and 𝜙 is the phase of the nuclear mode vibration [36]. 

𝑄(𝑡) =  2𝑄0cos(𝜔𝑚𝑡 +  𝜙) = 𝑄0[𝑒𝑗𝜔𝑚𝑡+𝑗𝜙 +  𝑒−𝑗𝜔𝑚𝑡−𝑗𝜙] (3) 

The induced dipole moment radiating light can now be expressed through Eq. (4) [37].  

µ𝑚(𝑡)  =  𝛼0𝐸0𝑒−𝑗𝜔0𝑡 + 𝐸0 (
𝜕𝛼

𝜕𝑄
)

0

𝑄0[𝑒−𝑗(𝜔0− 𝜔𝑚)𝑡+𝑗𝜙 + 𝑒−𝑗(𝜔0+ 𝜔𝑚)𝑡−𝑗𝜙]  + 𝑐. 𝑐. (4) 

The first term (𝛼0𝐸0𝑒−𝑗𝜔0𝑡) represents an oscillating dipole moment radiating light with the incident 

beam frequency 𝜔0. This corresponds to elastic Rayleigh scattering. The second and third oscillating 

terms represent radiation of inelastic Raman scattered light with a shifted frequency; (𝜔0 + 𝜔𝑚) for 
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anti-Stokes and (𝜔0 − 𝜔𝑚) for Stokes. These inelastic Raman scattering modes are only active if the 

rate of change of the polarizability with respect to the nuclear displacement  (
𝜕𝛼

𝜕𝑄
)

0
 is non-zero [37]. 

Raman scattering is inherently weak in comparison to Rayleigh scattering, with approximately 1 in 108 of 

photons from the incident beam undergoing spontaneous Raman scattering [38]. Raman spectroscopy is 

based on detecting the intensity of this scattered light as a function of shifted frequency to understand 

molecular structure and composition in materials. The shift in frequency from Raman scattering, 

associated with the change in vibrational energy level, is typically conveyed through a wavenumber   

(cm-1) value expressed through Eq.(5). In this equation 𝜆𝑖 represents the wavelength of the incident 

beam, and 𝜆𝑠ℎ𝑖𝑓𝑡 represents the wavelength of the scattered light. 

𝑊𝑎𝑣𝑒𝑛𝑢𝑚𝑏𝑒𝑟 (𝑐𝑚−1) =  
1

𝜆𝑖
−

1

𝜆𝑠ℎ𝑖𝑓𝑡
 (5) 

 

 

Figure 1.4: Molecular energy level diagram illustrating the difference between Rayleigh and Raman 
scattering (E0 = electronic energy state, E = scattering photon energy, v = vibrational energy state, νm =  
shift in scattering frequency associated with a change in vibrational energy levels, ν0  = incident electric 
field vibrational frequency, h = Planck’s constant). 



11 
 

A simplified visual depiction of how elastic and inelastic scattering differ is shown in Figure 1.4, in 

reference to the energy state of a molecule. 

A table of tentatively assigned vibrational modes associated with articular cartilage Raman bands are 

given below based on past studies [16, 21, 34, 39]. 

Table 1.1: Tentatively assigned Raman bands with molecular vibration modes in articular cartilage based 
on past studies [16, 21, 34, 39]. 

Raman shift (cm-1) Assignment 

760 Tryptophan ring deformation 

816 Collagen/proteins, C-C stretch protein backbone 

856 Collagen, C-C stretch (Proline) 

875 Collagen, C-C stretch (Proline/Hydroxyproline) 

920 Collagen, C-C stretch (Proline/Hydroxyproline) 

938 
Collagen, C-C stretch (α-helix, Proline); 
GAG, C-O-C stretch (CS) 

958 Bone, PO4
3- stretch (phosphated hydroxyapatite) 

1003 C-C symmetric ring stretch (Phenylalanine) 

1033 C-C symmetric ring stretch (Phenylalanine) 

1042 Pyranose ring stretch  

1063-1068 GAG, SO3
- stretch (CS) 

1126 Proteins, C-C/C-OH/C-N stretching; C-O-C stretch glycosidic linkages 

1163 Pyranose ring stretch; C-H bending (Tyrosine) 

1207 CH2 twist (Hyaluronic acid) 

1235 Collagen, random coil (Amide III) 

1245 Collagen, NH2 bending (random coil, Amide III) 

1269 Collagen, NH2 bending (α-helix, Amide III) 

1313 CH2/CH3 twisting  

1343 GAG, CH2/CH3 wagging  

1370 COO- symmetric stretch (Hyaluronic acid) 

1380 GAG, CH3 deformation 

1424 GAG, COO- symmetric stretch 

1450 Collagen/proteins C-H bending (CH2/CH3)  

1557 Amide II/C=C aromatic ring stretch (Phenylalanine, Tryptophan) 

1606 C=C aromatic ring stretch (Phenylalanine, Tryptophan) 

1640 Amide I/Collagen secondary structure 

1655 Amide I (α-helix) 

1668 Collagen, random coil (Amide I) 

1685 Amide I (β - sheet) 
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Several studies have taken advantage of ratios in vibrational mode intensity peaks, or integrated areas, 

to interpret structural changes in connective tissues and cartilage. One of these is the 938/922 cm-1 ratio 

to assess hydrogen bond formation between proline-hydroxyproline linkages and water molecules, 

related to collagen stability [40–42]. In another study Takahashi et al.[35] were able to draw a 

correlation between OA severity and disorder in the collagen secondary protein structure. This was done 

using the 1246/1269 cm-1 Amide III doublet ratio to quantify the abundance of random coil to α-helix 

structures. Kumar et al.[24] also used this doublet ratio in a similar study to show that significant 

changes in magnitude were a potential marker for early OA development. However, Bonifacio et al.[43] 

were also able to demonstrate this doublet ratio is dependent on sample orientation, potentially 

influencing these findings. The 856/875 cm-1 ratio has also been used to assess collagen stability in 

mechanically stressed cartilage [34]. This ratio was used based on evidence of chondrocytes converting 

proline to hydroxyproline during cartilage synthesis in disrupted tissue. 

While variations in the intensity of individual Raman bands are informative, many macro-molecules have 

multiple vibrational modes which can also overlap with others in a mixture. Because of this, multivariate 

analysis is a useful tool for quantifying signal composition in Raman spectroscopy [44]. One form of this 

analysis is multivariate curve resolution (MCR) [45]. 

1.7 Raman based-multivariate curve resolution 
 

The aim of MCR is to determine the contributions of sub-components in a mixture to the overall sample 

signal [46]. This is possible with Raman spectroscopy due to the property that Raman scattering 

intensity is proportional to the density of scattering molecules [37, 47]. Sub-component reference 

spectra, of known dilution, can then be used in a correlation curve to find the concentration of analyte 

in the Raman spectrum of a mixture. These individual spectral contributions can be expressed 
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mathematically through Eq.(6). In this equation D represents the combined mixture spectra, and C 

represents a single matrix of relative concentrations for the individual pure reference spectra 

represented by the matrix S. Finally, 𝑀𝐸𝑟𝑟𝑜𝑟 represents the remaining error in the fit [46, 48]. 

𝐷 =  ∑ 𝐶𝑆 + 𝑀𝐸𝑟𝑟𝑜𝑟 (6) 

 

A MATLAB (MathWorks, Mass., U.S.A.) toolbox called MCR-ALS developed by Jaumot et al. [48] is 

specifically made for this deconvolution of spectra. The software uses an alternating least squares (ALS) 

algorithm to minimize error iteratively when curve fitting pure reference spectra and concentration 

matrices to the mixed signal. This error can be quantified by an R2, or a percent lack of fit (LoF(%)) value. 

The expressions for these terms are given by Eq.(7) and (8) respectively; where dij is an element of the 

experimental data matrix, and eij is the residual obtained from taking the difference between 

corresponding experimental and predicted values [46, 48].   

𝑅2 = 100 ∙ √
∑ 𝑑𝑖𝑗

2
𝑖,𝑗 − ∑ 𝑒𝑖𝑗

2
𝑖,𝑗

∑ 𝑑𝑖𝑗
2

𝑖,𝑗

  (7) 

 

𝐿𝑜𝐹(%) =  100 ∙ √
∑ 𝑒𝑖𝑗

2
𝑖,𝑗

∑ 𝑑𝑖𝑗
2

𝑖,𝑗

  (8) 

 

A recent study by Bergholt et al.[20] applied Raman spectroscopy-based MCR to investigate cross-

sections of native and engineered cartilage for relative spectral contributions of collagen II, GAG, and 

water. This study also used anisotropic scattering properties to obtain information about collagen fibril 

orientation. The same group also showed that the absolute concentration was linearly proportional to 

MCR sub-component results [21]. 

These studies show the feasibility of Raman spectroscopy-based determination of composition using 

MCR analysis applied to tissue cross-sections. However, cross-sectioning requires the destruction of 



14 
 

tissues and is not practical in-situ or in-vivo. Measurements through-the-surface keeps the morphology 

intact, but the optical signal attenuates significantly with depth as a consequence of the heterogenous 

composition of cartilage [49, 50]. 

1.8 Optical clearing 
 

In a simplified description, transparency in materials such as glass or air is partly related to their 

homogeneous composition [49]. When incident light strikes these materials the molecules affected 

together in a plane will scatter light spherically in all directions, out of phase from the primary wave 

front [49, 51]. The majority of scattered light not traveling along this primary wave front direction will 

destructively interfere with the scattered light from surrounding molecules. This is due to the proximity 

of scattering molecules in the material, resulting in most scattered wavelets meeting a destructively 

interfering counterpart. However, scattered light will constructively interfere in the forward direction of 

the primary wave front as a result of all scattering wavelets oscillating in the same phase [49, 51]. This 

constructive interference allows the wave to propagate through the material with minimal scattering in 

other directions. In the case of biological tissues, the medium is typically a heterogeneous mixture of 

structures with varying composition and refractive indices. This differing composition means that 

scattered light from molecules in the same plane do not always have a destructively interfering 

counterpart. Numerous scattering molecules are then able to propagate light in all directions within the 

tissue, resulting in a turbid appearance [49]. 

Optical clearing of tissue to reduce this scattering heterogeneity is typically approached in three main 

ways [52]. The simplest mechanism involves passive immersion in an optical clearing agent (OCA). This 

replaces the interstitial fluid with a liquid that more closely matches the refractive index of the 

remaining ECM. The other two mechanisms involve the removal of lipids followed by refractive index 
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matching through either hydration, dehydration, or the previously-mentioned immersion method [49, 

50, 52]. These clearing mechanisms often lead to alterations in tissue morphology. However, studies 

involving passive immersion of cartilage in solutions have shown that a significant improvement in 

optical properties is possible with minimal damage to the ECM. Neu et al.[53] demonstrated this for 

cartilage up to a depth of 2.5 mm with a fructose-based OCA similar to SeeDB [54]. Another study by 

Bykov et al.[55] showed that optical clearing of cartilage with iohexol could enable visibility of the 

cartilage-subchondral bone interface with optical coherence tomography in as little as 15 minutes. This 

optically cleared cartilage offers improved scattering properties for spectroscopic measurements made 

through-the-surface. 

1.9 Cartilage Modeling with Finite Element Analysis 
 

A practical application of compositional information obtained from Raman spectroscopy is in finite 

element (FE) modeling of cartilage. Use of imaging techniques for applying the structural hierarchy in 

cartilage to FE models [56, 57] has proven invaluable in understanding the mechanical contributions of 

each sub-component. In particular the enhanced interstitial fluid pressurization, and associated fluid 

load support, generated in these depth-dependent models has been routinely reported due to its 

importance in reducing surface friction and wear in cartilage [56, 58–60]. To date, use of Raman 

spectroscopy for applying this structural hierarchy to FE models of cartilage has not been reported. 

Accurate FE modeling of articular cartilage is challenging due to the complex structure and organization 

of the tissue described above. The tissue exhibits heterogeneity and anisotropy when loaded in tension 

and compression [61–64]. In addition the tissue is viscoelastic, exhibiting a time-dependent mechanical 

response [15, 65–67]. Traditionally, the tissue has been computationally modeled as a biphasic material 

[15, 66]. To capture the tension-compression nonlinearity in FE modeling more recent studies have 
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simulated the tissue as a biphasic poroviscoelastic (BPVE) material with fibril reinforcement [56–58, 62, 

63, 68–70]. Constitutive models incorporating conewise linear elasticity have also been shown to 

reproduce accurate tissue response to loads [61, 62].  

Adjusting the tissue response of these FE models to match experimentally recorded results offers a 

means of quantifying sample-specific material properties in cartilage. Three loading configurations 

commonly used for this purpose are confined compression, unconfined compression, and indentation 

(illustrated in Figure 1.5) [63, 71, 72]. These are typically used to load the tissue dynamically, or in stress-

relaxation or creep. Indentation testing is of particular interest for this thesis as it offers the most 

convenient means of testing cartilage in-situ or in-vivo with minimal sample preparation and is less 

sensitive to the natural surface curvature. However, it is characterised by complex boundary conditions, 

and, with the exception of linear elastic materials, requires FE models to assess material parameters. 

 

Figure 1.5: Typical loading configurations used for testing of cartilage. Adapted from J. Biomech, 34(4), 
M. DiSilvestro and J. Suh, “A cross-validation of the biphasic poroviscoelastic model of articular cartilage 
in unconfined compression, indentation, and confined compression”, pg. 521, Copyright (2001), with 
permission from Elsevier. 



17 
 

A specific fibril reinforced BPVE model for cartilage which has been shown to predict tissue response 

well is the ellipsoidal continuous fiber distribution (CFD) model proposed by Ateshian et al.[63]. This 

model has been shown to be particularly accurate in reproducing tissue response in the flow-

independent stage of loading. 

1.10 Finite Element Constitutive Theory 
 

A commonly used software for non-linear finite element analysis of biological tissues is FEBio. This is an 

open source program which was developed between Columbia university and the university of Utah [73] 

specifically for the analysis of biological tissues. It implements the implicit finite element method with 

common tissue material models. To account for the solid structure of the articular cartilage the 

ellipsoidal CFD can be implemented within FEBio 2.9 in conjunction with a supporting ground substance. 

The Cauchy stress and spatial elasticity tensor in the fiber portion of the solid matrix can be described by 

Eq.(9) and (10), respectively [63, 73]. In these equations 𝐻 represents a unit step function imposing 

contributions only in tension, 𝐼𝑛 represents the square of the fiber stretch, and 𝑛𝑟 represents a unit 

vector in the reference configuration which a fiber is oriented along (based on global orthonormal 

spherical coordinates (𝜑, 𝜃)). Finally, 𝑡�̿�(𝑛𝑟 ) and 𝐶�̿�(𝑛𝑟 ) represent the Cauchy stress and spatial 

elasticity tensors for fibers initially oriented along 𝑛𝑟 respectively [63].  

 

�̿�𝑓 = ∫ ∫ 𝐻(𝐼𝑛 − 1)𝑡�̿�

𝜋

0

2𝜋

0

(𝑛𝑟 )𝑠𝑖𝑛(𝜑)𝑑𝜑𝑑𝜃 (9) 

 

𝐶�̿� = ∫ ∫ 𝐻(𝐼𝑛 − 1)

𝜋

0

2𝜋

0

𝐶�̿�(𝑛𝑟 ) 𝑠𝑖𝑛(𝜑)𝑑𝜑𝑑𝜃 (10) 
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These equations can be connected to the fiber strain energy density function through standard finite 

elasticity relations expressed by Eq.(11) and (12)  [63]. In these equations 𝐽 represents the determinant 

of the deformation gradient tensor �̿�, and 𝑁 = 𝑛 ⊗ 𝑛 = 𝐼𝑛
−1 ∙ �̿� ∙ 𝑁𝑟 ∙ �̿�𝑇 with 𝑛 = 𝐼𝑛

−1/2�̿� ∙ 𝑛𝑟 

representing the fiber direction in the deformed state [63]. In these equations ⊗ represents the tensor 

product. 

𝑡�̿� = 2𝐽−1𝐼𝑛 ∙
𝜕𝛹

𝜕𝐼𝑛
∙ 𝑁 (11) 

 

𝐶�̿� = 4𝐽−1𝐼𝑛
2 𝜕2𝛹

𝜕𝐼𝑛
2 𝑁 ⊗ 𝑁 (12) 

 

The strain energy density function (𝛹) for the fibers is given by Eq.(13) where 𝛽 ≥ 2 and 𝐼𝑛 ≥ 1. In this 

equation 𝜉(𝑛𝑟) and 𝛽(𝑛𝑟) are variable material properties along the direction 𝑛𝑟  [63]. The former 

parameter is related to the fiber tensile modulus in units of force per unit area, the latter parameter is 

unitless.  

𝛹(𝑛𝑟; 𝐼𝑛) = 𝜉(𝑛𝑟)(𝐼𝑛 − 1)𝛽(𝑛𝑟) (13) 

 

𝜉(𝑛𝑟) and 𝛽(𝑛𝑟) can be expressed in the local orthonormal coordinates (𝛩, 𝛷) as seen in Eq.(14) and 

(15) [63, 73]. 𝜉1−3 and 𝛽1−3 represent the corresponding material parameters along the respective semi-

axes of the ellipsoid in the local coordinate system [63]. 

𝜉(𝑛𝑟) = (
𝑐𝑜𝑠2𝛩𝑠𝑖𝑛2𝛷

𝜉1
2 + 

𝑠𝑖𝑛2𝛩𝑠𝑖𝑛2𝛷

𝜉2
2 +

𝑐𝑜𝑠2𝛷

𝜉3
2 )

−
1
2

 (14) 

 

𝛽(𝑛𝑟) = (
𝑐𝑜𝑠2𝛩𝑠𝑖𝑛2𝛷

𝛽1
2 +  

𝑠𝑖𝑛2𝛩𝑠𝑖𝑛2𝛷

𝛽2
2 +

𝑐𝑜𝑠2𝛷

𝛽3
2 )

−
1
2

 (15) 
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When 𝛽 = 2  this results in a jump at the strain origin for the elasticity modulus 𝐶�̿�, creating a 

piecewise-linear stress strain relationship for fibers transitioning to tension at small deformations [63]. 

The ground substance supporting the CFD, aimed at accounting for the proteoglycans, is modeled as a 

compressible neo-Hookean hyperelastic material. The strain energy density function governing this 

material is given by Eq.(16) [73]. In this equation 𝜇 and 𝜆 represent Lamé parameters, and 𝐼1 represents 

the first invariant of the right Cauchy-Green deformation tensor [73].  

𝛹 =
𝜇

2
(𝐼1 − 3) −  𝜇 ln(𝐽) +  

𝜆

2
(ln 𝐽)2 (16) 

 

The Cauchy stress and elasticity tensors in the ground substance can be described by Eq.(17) and (18) 

respectively [73]. In these equations 𝐵 represents the left Cauchy-Green deformation tensor, and 𝐼 

represents the identity tensor. The ⊗ operator represents a variation of the tensor product, detailed by 

Eq. 2.1.24 in the FEBio theory manual. 

�̿�𝑚 =
𝜇

𝐽
(𝐵 − 𝐼) + 

𝜆

𝐽
(𝑙𝑛 𝐽)𝐼 (17) 

  

𝐶�̿� =
𝜆

𝐽
(𝐼 ⊗ 𝐼 ) +

2

𝐽
(𝜇 − 𝜆 𝑙𝑛(𝐽))𝐼 ⊗  𝐼 (18) 

 

To adequately describe biphasic porous media an expression is needed to relate the momentum 

transfer between the solid phase deformation and the fluid phase pressure. This is done within FEBio 

using the linear momentum equation for the fluid phase, and adding a term (�̂�𝑑
𝑠) representing this 

momentum exchange through frictional forces [73]. Combined with the constitutive relationship of  

�̂�𝑑
𝑠 =  −𝜑𝑠𝑘−1 ∙ 𝑤 the momentum equation can be rearranged to express the fluid flux, 𝑤, as in Eq.(19) 

which is equivalent to Darcy’s law [73]. Within these expressions 𝜑𝑠 represents the solid phase 

porosity, ∇𝑝 represents the gradient of the fluid pressure, 𝑘 represents the symmetric hydraulic 
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permeability tensor, 𝜌𝑓represents the true fluid density, and 𝑏𝑓 represents the body force effects per 

units mass acting on the fluid phase [73]. 

𝑤 = −𝑘 ∙ (∇𝑝 + 𝜌𝑓𝑏𝑓) (19) 
    

It is important to note that the viscous shear forces are neglected within this framework [73], and it is 

only appropriate for low Reynolds number flows. This is deemed a valid approximation due to the low 

permeability of the tissue, on the order of 1x10-15 m4 /N⋅s [15]. 

The total stress within the tissue can now be described as the sum of the fiber stress, ground substance 

stress, and the fluid pressure shown by Eq.(20).  

𝜎𝑡 = (𝜎𝑓 + 𝜎𝑚) − 𝑝𝐼 (20) 

  

1.11 Material parameter optimization 
 

Material parameter estimations for the constitutive model described above can be carried out with the 

built-in FEBio optimization program. This optimization is based on the Levenberg-Marquardt non-linear 

least squares algorithm [73]. The goal of this algorithm is to minimize an expression for the difference, 

𝑓(𝑎), between experimental data points (𝑦𝑖 , 𝑥𝑖) and model data points 𝑦(𝑥𝑖; 𝑎) created from iteratively 

varied input parameters. In this case the input parameters are material parameters for the ground 

substance Young’s Modulus, the fiber tensile modulus parameter, and the hydraulic permeability. The 

experimental data points given to the algorithm are typically the reaction forces measured by a load cell.  

𝑓(𝑎) =  ∑[𝑦𝑖 − 𝑦(𝑥𝑖; 𝑎)]2

𝑛

𝑖=1

 (21) 
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1.12 Thesis objectives 
 

This thesis has two objectives. First, to assess the feasibility of using Raman spectroscopy-based MCR for 

determining cartilage sub-component distributions through-the-surface. Further to this, assess if OCAs 

can improve the depth of resolution. Second, to apply this composition information to FE models of 

cartilage to assess accuracy in predicted tissue response. 

The net result of achieving these objectives will assess the viability and application of Raman-based MCR 

for determining cartilage sub-component distributions in-situ or in-vivo. It will also enable FE modeling 

of cartilage based on composition. A more detailed understanding of depth-dependent mechanical 

response to loading, i.e. based on depth-dependent composition, is also required to study the 

mechanoregulation of chondrocyte metabolism in maintaining tissue health and in processes such as 

OA. This sample specific means of data acquisition may then facilitate better understanding of how 

observed compositional changes in diseased tissue affect predicted material responses. This is 

particularly advantageous in monitoring of early stages or mild OA, which can be characterized by a 

severe depletion of proteoglycan content [4, 9]. As has been previously demonstrated, this 

measurement method would be applicable for assessment in-vivo [33]. 

1.13 Thesis outline 
 

The thesis objectives will be assessed in the following chapters based on the work from two manuscripts 

as follows: 

1) In the first manuscript, the feasibility of using Raman spectroscopy-based MCR composition 

information through-the-surface was evaluated. To do this Raman-based MCR results through-

the-surface, before and after optical clearing, are compared to those from cross-sections used 

as standards. Absolute sub-component concentrations are then estimated using cross-sectioned 



22 
 

MCR results in conjunction with sample volumes and weights. The effects of a fructose-based 

OCA similar to FRUIT [74] are also evaluated to see if it can improve the depth of resolution for 

distribution measurements through-the-surface. 

2) In the second manuscript, composition information obtained from cross-sections, and through-

the-surface, was applied to FE models of cartilage undergoing stress-relaxation indentation. 

These depth-dependent composition models were evaluated against homogeneous distribution 

models to compare accuracy in predicted tissue response. These comparisons will also 

determine to what extent models using Raman data obtained through-the-surface match their 

equivalent cross-section counterparts. 
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Chapter 2: 

 

Measurement of cartilage sub-component distributions through the 
surface by Raman spectroscopy-based multivariate analysis 

 

This chapter was published in the Journal of Biophotonics as: 

Mason, D.R., Murugkar, S. and Speirs, A.D. (2020), Measurement of cartilage sub‐component 

distributions through the surface by Raman spectroscopy‐based multivariate analysis. J. Biophotonics. 

Accepted Author Manuscript. doi:10.1002/jbio.202000289 

The chapter presented reflects a version of this published manuscript, adapter for formatting within the 

thesis and based on examiner recommendations. 

  

https://doi.org/10.1002/jbio.202000289
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2. Measurement of cartilage sub-component distributions through the 

surface by Raman spectroscopy-based multivariate analysis 

2.1 Abstract 
 

Articular cartilage possesses unique material properties due to a complex depth-dependent composition 

of sub-components. Raman spectroscopy has proven valuable in quantifying this composition in 

cartilage cross-sections. However, cross-sectioning requires tissue destruction and is not practical in-situ 

or in-vivo. In this work, Raman spectroscopy-based multivariate curve resolution (MCR) was employed in 

porcine cartilage  samples (n = 12) to measure collagen, glycosaminoglycan (GAG), and water 

distributions through-the-surface for the first time; these were compared against cross-section 

standards. Through-the-surface Raman measurements proved reliable in predicting composition 

distribution up to a depth of approximately 0.5 mm. A fructose-based optical clearing agent (OCA) was 

also used in an attempt to further improve depth-of-resolution of this measurement method. However, 

it did not, mainly due to a high spectral overlap with the Raman spectra of main cartilage sub-

components. This measurement technique potentially could be used in-situ or in-vivo, to better 

understand the etiology of joint diseases such as osteoarthritis (OA). 

2.2 Introduction 
 

Articular cartilage serves as the bearing surface for bone-to-bone load transmission, and enables nearly 

friction-free joint movement [2]. Fulfilling this role requires unique material properties that are derived 

from its complex composition and organization. Past studies using Raman spectroscopy have reported 

the relative distribution of this composition in-vitro with cross-sectioning [20, 21], and related it to 

concentrations determined from assay tests. However, quantifying the composition with depth through-

the-surface will keep morphology intact, and enable in-situ or in-vivo measurements. This could offer 
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better insight into how joint diseases such as OA develop, especially in the early stages, and how 

composition affects functionality. 

Cartilage consists of a dense extracellular matrix (ECM) predominantly made up of collagens, 

proteoglycans, and water as well as other proteins and molecules in lower concentrations [2, 39]. 

Recently, tools such as Raman spectroscopy have proven capable of not only quantifying these sub-

component concentrations, but also observing subtle variations in their structural organization [34, 35]. 

While variations in the intensity of individual Raman bands are informative, many molecules have 

multiple vibrational modes which can also overlap with others in a mixture. Because of this, multivariate 

analysis is a useful tool for quantifying signal composition in Raman spectroscopy [44]. One form of this 

analysis is multivariate curve resolution (MCR). MCR takes advantage of the property that the intensity 

of Raman scattered light is proportional to the density of scattering molecules [37, 47], and uses this to 

decompose a mixed spectrum into relative concentrations of pure sub-component spectra. A recent 

study by Bergholt et al. [20] used MCR to investigate cross-sections of native and engineered cartilage 

for determining relative spectral contributions of collagen II, glycosaminoglycan (GAG), and water. This 

study also used anisotropic scattering properties to obtain information about collagen fibril orientation. 

The same group also showed that the absolute concentration of sub-components was linearly 

proportional to MCR results [21]. 

These studies show the feasibility of Raman spectroscopy-based determination of composition using 

MCR analysis applied to tissue cross-sections. However, cross-sectioning requires the destruction of 

tissues and is not practical in-situ or in-vivo. Measurements made through-the-surface keep morphology 

intact, but the optical signal attenuates significantly with depth as a consequence of the heterogenous 

composition of cartilage [49, 50]. The use of an optical-clearing-agent (OCA) can overcome some of this 

optical attenuation in turbid tissues [49]. OCAs vary in clearing technique, but commonly involve passive 
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immersion in a solution replacing the interstitial fluid with a liquid that more closely matches the 

refractive index of the remaining ECM [49]. Previous studies focusing on the effects of clearing on 

cartilage have shown that a significant improvement in optical properties is possible with minimal 

damage to the ECM. A study by Neu et al.[53] illustrated this using a fructose-based OCA to clear 

cartilage up to a depth of 2.5 mm.  

The aim of this study is to assess the feasibility of Raman spectroscopy and MCR for determining 

cartilage composition in a novel manner through-the-surface, and whether it could be improved using a 

fast-acting fructose-based clearing solution similar to FRUIT [74]. FRUIT has been successfully used in the 

past for clearing mammalian brain tissue [74], and is applied here in articular cartilage for the first time. 

Non-destructive Raman-based MCR results through-the-surface, before and after clearing, are 

compared to those from cross-sections used as standards. Absolute sub-component concentrations are 

then estimated using these cross-sectioned MCR results in conjunction with sample volumes and 

weights.  

2.3 Materials and methods 

2.3.1 Specimen preparation 
 

Skeletally mature porcine knee joints were locally sourced from an abattoir up to 48 hours after 

slaughter. Cylindrical cartilage plugs (Ø10 mm x 6 mm) from the trochlear groove or patella were then 

excised (n=12) from three joints and frozen in a 1xPBS solution. Each sample consisted of up to 2.5 mm 

of articular cartilage with the remaining height consisting of the subchondral bone below. Plugs frozen 

together and used in testing groups were mixed from the three joints to provide more variability. 
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2.3.2 Optical clearing stages 
 

The timeline of optical clearing stages is illustrated in Figure 2.1. A preclear stage involved samples (n = 

6) being thawed for one hour then placed in a stock 1xPBS solution supplemented with an EDTA-free 

protease inhibitor (SIGMAFASTTM; Sigma-Aldrich Corp., Mo., U.S.A.). Samples then had Raman 

measurements made through the tissue surface. After being placed in a clearing solution overnight (12 

h) at 4 °C, samples were re-measured through-the-surface. This measurement stage was termed 

postclear. The clearing solution, similar to FRUIT [74], consisted of 40% wt/vol D-(-)-fructose and 24% 

wt/vol urea dissolved in distilled water. FRUIT was chosen as the OCA after preliminary tests with 

fructose required long clearing durations resulting in significant tissue degradation. The clearing window 

was reduced to 12 h. to minimize this tissue degradation as samples were not fixed. The 40% FRUIT 

concentration was chosen to increase diffusion speed into the tissue, due to its lower viscosity, and 

ensure no precipitation of solutes at the low storage temperature.  

Samples were then placed in the stock PBS solution overnight (12 h) to remove the OCA, and re-

measured through-the-surface. This measurement stage was termed recovered. After a needle puncture 

test to obtain the true thickness, samples were cross-sectioned and spectral measurements repeated. A 

portion of the cross-sectioned tissue, with bone removed, was weighed wet and placed in an incubator 

at 37 °C for 24 hours to dry. It was subsequently weighed and the total water content determined from 

the weight difference [75].  

Control samples (n=6) underwent a similar testing procedure but were not treated with any clearing 

solution. Raman measurements of the control samples were meant to quantify time-related changes to 

the cartilage. Only two samples had Raman measurements taken after an elapsed time equivalent to the 

postclear stage of treated specimens. No significant changes in the Raman spectra of samples was 

observed between the preclear and recovered stages for both treated and control groups. 
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Total testing time lasted four days. Each sample remained at room temperature during testing for 

approximately 3-4 hours each day, with the remaining time spent at 4 °C. 

 

Figure 2.1: (a) Specimen setup for Raman measurements through-the-surface of cartilage. A wire was 
placed on the bearing surface parallel to the diameter (within 200 µm of measurement location) to 
determine the reference height. (b) Raman measurement of cross-sectioned cartilage plug alongside 
plug schematic designating spectral measurement locations with S and B indicating the bearing surface 
and bone respectively. A wire was placed perpendicular to the bearing surface to determine the 
reference height. (c) Timeline of optical clearing stages. Images (a) and (b) are repeated in (c). 
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2.3.3 Thickness measurement 
 

To accurately obtain the sample thickness a needle was pushed through the cartilage surface while the 

reaction force was recorded using a custom-built device [69]. The tissue surface was identified once the 

reaction force exceeded 5 mN. The bone surface was identified by a sudden large change in the reaction 

force slope with respect to distance. The average sample thickness was 1.9 ± 0.5 mm. Results are 

reported as mean ± 95% C.I. unless otherwise stated. Confidence intervals for percentage values 

(LoF(%)) represent the range of the mean percentage value, not a percentage of the specified value. 

2.3.4 Raman instrumentation 
 

A lab-built Raman micro-spectroscopy setup [76] was used in this study as shown in Figure 2.2. It 

consisted of a multimode 785 nm diode laser (Ondax, CA, U.S.A.) with a maximum output power of 500 

mW, that was coupled into a 100 µm core, 0.22 NA multimode fiber. Collimated and filtered light from 

the fiber passed through a 40X, 0.8 NA water immersion microscope objective (Olympus, ON, Canada) to 

create a laser spot with a lateral diameter and depth of focus of 15 μm and 32 μm respectively. Raman 

scattered light from the sample was collected by the same objective and passed through a long-pass 

dichroic mirror and two long-pass edge filters (Iridian, ON, Canada) to eliminate the 785 nm laser light. A 

300 µm core multimode fiber (Thorlabs, NJ, U.S.A.) delivered the Raman signal to a compact 

spectrometer (Tornado Spectral Systems, ON, Canada). The position of the cartilage sample inside the 

laser focus (200 mW at the sample) was adjusted by means of an automated stage (FTP 2000, ASI Inc., 

U.S.A.). Spectra were measured in the 170-2400 cm-1 range, with a spectral resolution of 4 cm-1. For 

measurement of MCR reference spectra, a 20X, 0.75 NA air objective (Olympus, ON, Canada) was 

utilized for the dry laboratory grade samples. 
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Figure 2.2: Raman spectrometer schematic for measurement of immersed cartilage samples. The 
specifications of filters, and the CCD camera used, are further detailed in a report by Hansson et al.[76].  

2.3.5 Raman spectroscopy of tissue 
 

To accurately acquire the X-Y position of the cartilage plug center axis, a custom-made sample holder 

was created as seen in Figure 2.1(a) with known reference dimensions. To determine the surface 

reference height of the sample the objective was brought to focus on top of a copper wire of known 

diameter (254 ± 4 μm) placed on the sample surface near the measurement location. Raman spectra 

were recorded at depths of 0 μm and 100 μm into the tissue, along with measurements taken at 25%, 

50%, 75%, and 100% of the estimated sample thickness. 

For cross-section measurements the wire was placed adjacent (+Y direction) to the measurement 

location, and perpendicular to the bearing surface as seen in Figure 2.1(b), to obtain the reference 

height and ensure no interfering signal. Raman measurements were taken 100 µm into the tissue and 

found not to deviate parallel to the bearing surface (Y-direction). The cartilage bearing surface was 
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deemed to begin where the laser spot could first focus on tissue. Raman spectra were recorded at the 

same depths stated above, with each measurement being in reference to the top of the wire at new 

positions. 

Raman spectra measured through cross-sections had an acquisition time of 10 s. Through-the-surface 

measurements had a larger acquisition time of 30 s to improve the signal-to-noise ratio at depth. Each 

spectrum was averaged over 15 acquisitions. No sample degradation was observed in the immersed 

tissue samples. Raman spectra were pre-processed using MATLAB 2019b (MathWorks, Mass., U.S.A.) to 

remove cosmic rays, and relative intensity correction was done by utilizing the measurements made on 

a fluorescence standard (SRM 2241, NIST, U.S.A.) [77] twice within the testing period. To further reduce 

systematic error, measurement of polystyrene standard samples was conducted at the beginning of 

each measurement period to ensure recorded intensities were in a consistent range. The background 

was removed using the sensitive non-linear iterative peak-clipping (SNIP) baseline subtraction algorithm 

[76, 78]. The SNIP technique iteratively determines a baseline to subtract from the spectrum by finding 

the minimum between a given point and the average value of the outer edges of a window centered on 

that point. Since the background of the Raman spectrum through-the-surface changes with depth, the 

window width for SNIP was correspondingly altered to optimize the match with equivalent cross-section 

Raman spectrum. This window size (CCD pixels) was then fixed for a given depth across all samples: 135 

at the surface and 100 µm; and 105, 75 and 85 at 25%, 50-75% and 100% depth respectively. All spectra 

were normalized using vector normalization to facilitate comparison between spectra recorded with the 

same experimental parameters but slightly different conditions. 

Based on other studies using Raman spectroscopy in cartilage [16, 21, 34, 39] tentative wave number 

assignments were given as per Table 1.1. 
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2.3.6 MCR composition determination  
 

The goal of MCR is to determine the contributions of sub-components in a mixture to the overall sample 

signal through Eq.(6) [46]. In this equation, 𝐷 represents a matrix of the combined mixture spectra, 𝐶 

represents a matrix of the relative concentrations for the corresponding matrix of individual pure 

reference spectra 𝑆, and 𝑀𝐸𝑟𝑟𝑜𝑟 represents the remaining error in the fit [46]. Sub-component reference 

spectra, of known dilution, can then be used in a correlation curve to find the concentration of analyte 

in a mixture’s Raman spectrum. 

The pure signal contributions in cartilage were assumed to be composed of collagen II, GAG, and 

distilled water, similar to previously mentioned studies [21]. Laboratory grade collagen II was obtained 

from chicken sternal cartilage (Sigma-Aldrich), while chondroitin sulfate salt from bovine articular joints 

was used for reference GAG spectrum (Sigma-Aldrich). MCR deconvolutions of cartilage were fit 

between the wavenumbers 400-1800 cm-1 due to the high molecular specificity in this range [20, 21]. 

MCR was conducted separately on each specimen and clearing stage to improve sample specific 

reference spectra identification. This was also to minimize the effects organization-dependent Raman 

band intensities may have if the deconvolutions contained both cross-section and through-the-surface 

spectra. Thus, it was assumed that variations in collagen spectra were due to concentration and no 

attempt was made to account for fibril orientation. In all through-the-surface measurements the water 

spectrum was fixed to the reference to prevent unwanted manipulations by the MCR-ALS algorithm. 

2.3.7 Concentration scaling factor 
 

Once the percent signal contribution curves with depth for each MCR sub-component were obtained 

from cross-sections, they were normalized with respect to their maximum value. It was assumed that 

the absolute concentration of a component was proportional to the relative concentration C, in Eq.(6).  
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Using the measured wet and dry specimen weight, Eq.(22) and (23) were used to find a scaling factor for 

the normalized component curves. Multiplying the normalized curves by this scaling factor yielded the 

estimated concentrations of each sub-component at respective depths. 

𝑊𝑒𝑡 𝑚𝑎𝑠𝑠 − 𝐷𝑟𝑦 𝑚𝑎𝑠𝑠 = 𝑊𝑎𝑡𝑒𝑟 𝑚𝑎𝑠𝑠 =  ∫ 𝐴𝑟𝑒𝑎 ∙ [𝑏𝑙𝑖𝑞𝑢𝑖𝑑 ∙ 𝜌𝐻2𝑂(𝑙)]𝑑𝑙
𝐿

0

 (22) 

 

𝐷𝑟𝑦 𝑚𝑎𝑠𝑠 =  ∫ 𝐴𝑟𝑒𝑎 ∙ {𝑏𝑠𝑜𝑙𝑖𝑑 ∙ [𝜌𝐶𝑜𝑙𝑙 𝐼𝐼(𝑙) + 𝜌𝐺𝐴𝐺(𝑙)]}𝑑𝑙 
𝐿

0

 (23) 

 

In these equations 𝐴𝑟𝑒𝑎 represents the caliper-measured cross-sectional area of each sample, 𝜌 

represents the normalized C signal curves from MCR in Eq.(6), 𝐿 represents the thickness of the sample, 

and 𝑏 represents the respective scaling factor for the sub-components. In Eq.(23) the maximum GAG 

and collagen II concentrations are assumed equal since their normalized curves are both multiplied by 

the same scaling factor. This was deemed acceptable due to the observation that peak sub-component 

concentrations roughly coincided in related studies with cartilage [21]. When using this assumption it 

was found that collagen II accounted for just over half of the dry weight, which has also been 

documented [2, 4]. 
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2.4 Results 

2.4.1 Raman spectra through the surface 

Figure 2.3: (a) Raw preclear Raman spectra through-the-surface with no background removal or 
normalization. (b) Offset pre-processed preclear spectra for treated sample through-the-surface. (c) 
Offset pre-processed cross-section spectra for comparison. Red labeled wavenumbers specify peaks 
most associated with collagen II, blue with GAG, and black for shared or other sub-components. 

                              

 

 

a 

b 
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Raw spectra (mean of 15 acquisitions) from the preclear through-the-surface measurements for a 

treated sample are shown in Figure 2.3(a) to show the effects of attenuation with depth. The pre-

processed and normalized preclear and cross-section measurements for the same sample are shown in 

Figure 2.3(b) and (c), respectively. These normalized spectra illustrate the measurements used as inputs 

to the MCR-ALS algorithm. 

2.4.2 Cross-section composition from MCR 
 

The results of MCR analysis for an individual control sample cross-section, representative of all cross-

sectioned samples (treated and control), are shown in Figure 2.4(a,b,c) illustrating the difference 

between MCR deconvolved sub-components and reference spectra. The average explained variance of 

each deconvolved sub-component in cross-sections with respect to reference spectra was R2 = 95.45 ± 

0.38 % (LoF(%) = 29.81 ± 1.24 %) for water, R2 = 99.78 ± 0.10 % (LoF(%) = 6.55 ± 1.50 %) for GAG, and R2 = 

97.75 ± 0.42 % (LoF(%) = 21.09 ± 1.95 %) for collagen across all samples. After weighing samples both 

wet and dry, water was found to make up approximately 77.2 ± 2.4 % of the wet cartilage mass. Using 

sample volumes, the average tissue density of all samples was found to be 1.17 ± 0.20 g/mL.  

The 𝜌 curves obtained from cross-sections for each sub-component, multiplied by their respective 

scaling factors in Eq.(22) and (23), yielded the plots shown in Figure 2.4(d,e,f) for treated and control 

samples. Using the average density, the percent wet weight was also determined for each component 

based on concentration. Collagen remained at a relatively constant percentage of the average wet 

weight (12.2 ± 4.5 %). The GAG content increased from 1.3 ± 1.0 % near the surface to 12.0 ± 3.0 % at 

75% of the total thickness. The average calculated concentration of water was 103.8 ± 15.8 % of wet 

weight near the bearing surface, and then remained relatively constant at 70.7 ± 28.4 % through the 

remaining depth short of the bone surface.  These uncertainty values are assumed only statistical in 
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nature due to the constant immersion of samples (Section 2.3.2), and low tissue degradation over the 

testing period. 

Figure 2.4: Reference vs. MCR deconvolved sub-component spectra for control sample through cross-
section for (a) Water, (b) GAG, (c) Collagen II. Control and treated sample sub-component 
concentrations based on normalized MCR distribution curves through the cross-section for (d) Water, (e) 
GAG, (f) Collagen II. Error bars represent the 95% C.I. Depth measurements within a 10% thickness range 
were averaged into one depth based on negligible change in properties. 

2.4.3 Composition through-the-surface and clearing effects 
 

To find the depth to which MCR could accurately determine composition the contribution of each sub-

component to the sum of the three (Water, GAG, Collagen II) was evaluated. As can be seen in Figure 

2.5(a-f), when comparing surface measurement stages to the cross-section standard, both treated 

(a,c,e) and control (b,d,f) sample signal begin to deviate after a depth of 25% of the total thickness (0.48 

± 0.13 mm). Beyond this depth the MCR deconvolution begins to attribute the water contribution to 

collagen due to the signal attenuation. GAG content also does not reach its maximum at 75% of the total 

thickness due to attenuation.  
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Figure 2.5: MCR deconvolved ratio of cartilage sub-component contributions to the sum of the main 
three molecules for (a) Water – Treated Samples, (b) Water – Control Samples, (c) GAG – Treated 
Samples, (d) GAG – Control Samples, (e) Collagen II – Treated Samples, and (f) Collagen II – Control 
Samples. Error bars represent the 95% C.I. Depth measurements within a 10% thickness range were 
averaged into one depth based on negligible change in properties. 

Deconvolution of distilled water, GAG, and Collagen II in cross-sections yielded R2 = 96.12 ± 0.43 % 

(LoF(%) = 19.68 ± 1.10 % ) in treated samples and R2 = 96.25 ± 0.53 % (LoF(%) = 19.35 ± 1.34 % ) in 

control samples for explained variance in cartilage spectrum. Due to the fixed water spectrum, through-

the-surface measurements had lower explained variance values of R2 = 91.71 ± 0.46 % (LoF(%) = 28.79 ± 

0.79 % ) in treated samples and R2 = 92.02 ± 0.67 % (LoF(%) = 28.12 ± 0.82 % ) in control samples.  

Figure 2.6(a) shows an overlay of the reference OCA spectra and cartilage at a depth of 100 µm. 

Dominant OCA peaks are present at 1003 cm-1 from symmetric C-N stretching in urea [79], 628 cm-1 

from D-(-)-fructose C-C-O5 groups, and 524 cm-1 from the pyranose ring in D-(-)-fructose [80] among 

others. Figure 2.6(b) shows the postclear stage MCR deconvolutions, illustrating where OCA peaks 

coincide with other sub-components. OCA concentrations determined from MCR were sample 

dependent, and a reduced sample thickness did not necessarily improve penetration.  
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Figure 2.6: (a) Reference 40 % FRUIT OCA Raman spectrum alongside cartilage spectrum at 100 μm 
through-the-surface, (b) MCR deconvolved sub-components from postclear stage of a treated sample. 
Labeled wavenumbers represent OCA-related peaks. 

2.5 Discussion 
 

Raman spectroscopy-based MCR measurements of cartilage through-the-surface can reliably predict 

sub-component contributions up to a depth of approximately 0.5 mm. This represents 25% of the 

cartilage thickness in this study. The clearing solution used in this study does not appear to have any 

benefit in regards to increasing this depth of resolution. This is apparent in Figure 2.5(a,c,e) which shows 

that the postclear stage follows similar trends as the preclear and recovered stages. GAG trends in 

Figure 2.5(c,d) for through-the-surface measurements suffer less from attenuation effects than the 

other sub-components in non-OCA treated stages. The discrepancy between the trends for the postclear 

stage and the untreated stages in Figure 2.5(c), is due to the OCA masking some of the GAG signal. This 
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spectral overlap with the overall cartilage signal and deconvolved sub-components is seen in Figure 

2.6(a) and (b) respectively. Based on the postclear spectra from all treated samples the OCA appears to 

penetrate much of the cartilage, with OCA-related peaks being present up to 75% of the total thickness 

(results not shown). In contrast, MCR deconvolution predicted OCA contributions to the overall signal 

decrease from 10.4 ± 15.0 % at the surface to 2.6 ± 3.3 % at a depth of 50% of the total thickness. This 

difference is likely due to a combination of the MCR-ALS algorithm attributing features of the OCA 

spectra to other sub-components, and the decreased signal to noise ratio at depth.  

As seen in Figure 2.4 and Figure 2.5, measurement variance was much larger at the bearing and bone 

surfaces at 0% and 95% total thickness, respectively. This was largely attributed to steep composition 

gradients in these two regions [4, 20], and error in measurement position. The difference between the 

designated surface height and the maximum laser focal point could deviate up to ± 29 μm due to the 

slope of the bearing surface in some samples, and reference wire placement from measurement 

location. This discrepancy was shown to have the greatest effect at the bearing surface interface with 

the PBS bath. Similarly, the tissue-bone interface was sensitive to any small measurement position 

errors incurred from the original estimated thickness values. Caliper measurement error also likely led 

to a portion of the variance in concentration values due to its use in area measurements (Section 2.3.7). 

In order to reduce unwanted manipulations of the water spectrum in MCR deconvolution, all through-

the-surface measurements had the water spectrum fixed to the reference. If not constrained, the MCR-

ALS algorithm would manipulate the water spectrum to either incorporate Raman bands from the OCA, 

or account for attenuation effects due to its low molecular specificity in the 400-1800 cm-1 

measurement range. These manipulations can be seen in the unconstrained cross-section water spectra 

in Figure 2.4(a) which incorporates a large Phenylalanine peak at 1003 cm-1.  This constraint had the 

effect of lowering the explained variance values for the stages, but yielded more reasonable signal 

contributions. This highlights the need for a potential clearing agent to provide adequate scattering 
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reduction to minimize the ALS curve fitting error associated with having an additional degree of freedom 

in the total number of sub-components. 

Each component concentration estimation made from MCR shows a relatively large distribution. This 

demonstrates the variability in separate samples - even from the same joint surface. This high amount of 

variability should be expected in most biological samples and appears to be a common aspect of Raman 

measurements in cartilage [20, 21, 81]. Apart from this characteristic the MCR deconvolved spectra 

were not expected to match perfectly. Also present in the tissue are chondrocytes, hyaluronic acid, 

multiple collagen types, and other proteins in minor quantities. However, MCR explained 96% of the 

variance in cross-section measurements and 91% in through-the-surface measurements when assuming 

water, collagen, and GAG components only. Collectively the minor components are assumed to make up 

a majority of the remaining unexplained spectral variance [21]. 

The sectioned GAG spectral contribution trend in Figure 2.4(e) agrees well with past studies conducted 

on bovine cartilage [20, 21]. However, the relatively constant collagen contribution with depth appears 

to follow the trend in the study by Bergholt et al.[20] more closely. The GAG concentrations found also 

align with studies using µCT and µMRI up to 0.5 mm in cartilage from dogs [82, 83]. Using MCR only 

within the 400-1800 cm-1 range led to similar drawbacks also noted in previous studies specifically for 

water [21]. The low spectral specificity of water in this range causes a drop in signal contribution with 

depth. This is likely the source of the high water concentrations seen near the surface in Figure 2.4(d). 

Ideally a higher wave number range incorporating 3200-3650 cm-1,  taking advantage of the O-H 

stretching vibration, would be used to determine water content [21]. As noted in other studies spectral 

measurements in this higher range also offer access to quantifying matrix bound water molecules, not 

just the water present in the interstitial fluid [84]. In spite of this drawback the water content agrees 

with previous assay studies done by Oswald et al.[22] through the middle zone of the tissue. 
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Future studies will need to assess the feasibility of Raman-based composition determination in-situ or 

in-vivo, particularly for applications such as arthroscopic surgeries [33]. Further work with clearing 

duration and alternative OCAs, specifically those with less spectral overlap of important collagen and 

GAG features, could improve through-the-surface Raman spectroscopic measurements of cartilage. 

Additionally, attenuation was noted to have a reduced effect on GAG content determined through-the-

surface in comparison to other sub-components (Figure 2.5). This suggests potential use of a scaling 

factor for through-the-surface measurements to match cross-section distributions in future studies.  

2.6 Conclusion 
 

This proof-of-concept study shows Raman-based MCR determination of cartilage sub-component 

distributions through-the-surface can be accurately quantified up to a depth of 0.5 mm. Use of a 

fructose-based OCA did not increase this depth. For an OCA to increase this depth of resolution it must 

reduce scattering enough to overcome the inherent error introduced by adding an additional degree of 

freedom to the MCR-ALS spectra fitting process. Future work with clearing duration and alternative 

clearing agents, particularly those with less spectral overlap of important collagen and GAG features, 

could improve through-the-surface Raman spectroscopic measurements of cartilage. The non-

destructive means of composition determination through-the-surface shown in this study is of particular 

interest due to its potential use in-situ or in-vivo. A specific application would be in arthroscopic joint 

surgeries [33] for the evaluation of compositional changes in osteoarthritis development, characterized 

by progressive GAG loss starting at the surface [4]. 
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Chapter 3: 

Raman spectroscopy-based MCR for applying depth-dependent material 

properties to articular cartilage FE models 

 

This Chapter will be submitted to the Journal of Osteoarthritis and Cartilage as:  

Mason D.R., Murugkar S., Speirs A.D., “Raman spectroscopy-based MCR for applying depth-dependent 

material properties to articular cartilage FE models”. 

This chapter represents a version of this manuscript, adapted for formatting within the thesis and based 

on examiner recommendations. 
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3. Raman spectroscopy-based MCR for applying depth-dependent 

material properties to articular cartilage FE models  

3.1 Abstract 
 

Objective 

Sub-component distributions in the composition of cartilage are known to play a key role in its 

mechanical response. We aim to highlight improved tissue response in depth-dependent finite element 

(FE) models created using Raman spectroscopy compared to standard models. The feasibility of using 

Raman measurements through-the-surface for this purpose is also assessed for potential use in-situ or 

in-vivo. 

Design 

Distributions of water, collagen II, and glycosaminoglycan (GAG) were determined through-the-surface 

in cartilage samples (n=11) before, during, and after treatment with an optical clearing agent (OCA) 

using Raman-based multivariate curve resolution (MCR). Cross-section Raman spectra were then 

acquired to use as standards. Stress-relaxation indentation testing was also completed at the beginning 

and end of the testing regime while the reaction force was recorded. Depth-dependent material 

property FE models were then created and optimized in FEBio using cross-section data to match 

experimental results. Through-the-surface measurement-based models were also produced using a 

regressed scaling line to match cross-section results. Comparisons were made against equivalent 

homogeneous distribution models.  
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Results 

Depth-dependent models showed an average improvement in predicted reaction force of 18% over 

homogeneous models. Through-the-surface measurement-based models had a difference in predicted 

reaction force from cross-section counterparts of approximately 4%. Depth-dependent models 

improved fluid load support an average of 3.6% over homogeneous models. 

Conclusion 

Raman spectroscopy is a useful tool for applying material property distributions in FE models of cartilage 

and improves predicted tissue response. Through-the-surface Raman measurements are also of 

potential use in-situ or in-vivo, where they could be employed in modeling of developing osteoarthritis. 

3.2 Introduction  
 

Articular cartilage serves as a wear resistant, and nearly friction-free, bearing surface in diarthrodial 

joints [1, 2]. To achieve this the tissue relies on a unique depth-dependent and heterogeneous structural 

composition. Measuring subtle biochemical changes to this composition is key to assessing the etiology 

and development of joint diseases such as osteoarthritis (OA). Raman spectroscopy has shown the 

capability of not only discerning minute changes to this structure [24, 34, 35], but also determining 

macro-scale composition and organization in tissue cross-sections [20, 21]. Use of various imaging 

techniques for applying this structural hierarchy to FE modeling of cartilage [56, 57] has proven 

invaluable in understanding the mechanical contributions of each sub-component. To date, use of 

Raman spectroscopy in cartilage cross-sections for this same purpose has not been published. 

Moreover, if FE models using non-destructive Raman measurements made through-the-surface could be 

shown to match cross-section equivalents; data obtained via spectroscopes used in-vivo [33] could be of 

practical application for simulation purposes. 
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Articular cartilage consists predominantly of an extra cellular matrix (ECM) scaffold, with interstitial fluid 

filling the voids. The main components of the ECM are type II collagen and proteoglycan, with a sparse 

population of chondrocyte cells that produce ECM components [1, 2]. Articular cartilage is traditionally 

considered to consist of three zones: The superficial zone (top 10-20% of tissue) where collagen fibrils 

are aligned parallel to the bearing surface, the middle zone (next 40-60% of tissue) where collagen fibrils 

are more randomly oriented, and the deep zone (remaining 20-30% of tissue) where collagen fibrils are 

mainly oriented perpendicular to the bearing surface and insert into the subchondral bone below [1, 2]. 

Throughout these zones the proteoglycan content gradually increases with depth [20, 21]. Water 

content reaches its maximum near the bearing surface before dropping and maintaining approximately 

75% of the wet mass in the middle and deep zones [22]. This organization of sub-components gives the 

tissue anisotropic and non-uniform biomechanical properties which differ in tension and compression 

[61]. 

To capture the tension-compression nonlinearity in FE modeling of articular cartilage many studies have 

simulated the tissue as a biphasic poroviscoelastic (BPVE) material with fibril reinforcement, or as close 

equivalents [56–59, 61–63, 68, 69]. Many of these studies have also noted the importance of accounting 

for the depth-dependent structure in models to obtain an accurate tissue response. In particular the 

enhanced interstitial fluid pressurization, and associated fluid load support, generated in these depth-

dependent models has been routinely reported due to its importance in reducing surface friction and 

wear in cartilage [56, 58–60]. 

Recently Raman spectroscopy, coupled with the use of MCR, has been shown to accurately predict sub-

component concentrations in native and engineered cartilage cross-sections [20, 21]. This depth-wise 

composition information from label-free Raman spectroscopy could be used to develop more accurate 

FE simulations of cartilage.  
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Studies using Raman-based compositional information of cartilage have so far been restricted to use in 

tissue cross-sections. This is a destructive assessment of the tissue and is impractical for use in-situ or in-

vivo. Ideally, composition measurements could be made through-the-surface in a non-destructive 

manner. However, optical attenuation with depth severely impacts Raman spectroscopic measurements 

through-the-surface in turbid tissues. This optical attenuation is a side effect of the heterogeneous 

composition of cartilage [49]. Studies have reported that the use of optical clearing agents (OCA) can 

reduce scattering in the tissue without affecting morphology. Neu et al.[53] used this technique for 

articular cartilage up to a depth of 2.5 mm with the use of a fructose-based OCA. Another study [55] 

showed that optical clearing of cartilage with iohexol could enable visibility of the cartilage-subchondral 

bone interface with optical coherence tomography in as little as 15 minutes. 

The goal of this study is to assess if Raman spectroscopy-based MCR measurements of cartilage sub-

component distributions, made via cross-sections, can improve FE modeling of the tissue. This is 

assessed by conducting stress-relaxation indentation tests on samples (n=11) and creating FE models 

with depth-dependent material properties, based on Raman measurements, and optimized to match 

the experimental results. The depth-dependent models are then evaluated alongside homogeneous 

distribution models to compare predicted material responses. Models based on Raman measurements 

made through-the-surface were also investigated to assess potential use in-situ or in-vivo. 

An OCA similar to the fructose-based FRUIT[74] was utilised in this study in an attempt to reduce 

scattering for measurements made through-the-surface. Its effects, along with Raman results, are 

outlined in a report made in parallel to this study in Chapter 2 . 
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3.3 Methods 

3.3.1 Specimen preparation 
 

Skeletally mature porcine knee joints were locally sourced from an abattoir up to 48 hours after 

slaughter. Cylindrical cartilage plugs (Ø10 mm x 6 mm) from the trochlear groove or patella were then 

excised (n=12) from three joints and frozen in a 1xPBS solution. Each sample consisted of up to 2.5 mm 

of articular cartilage with the remaining height consisting of the subchondral bone below. Plugs frozen 

together and used in testing groups were mixed from the three joints to provide more variability. 

3.3.2 Mechanical loading and testing regime 
 

Upon thawing for one hour the thickness of the cartilage samples was initially estimated using a Vernier 

caliper (0.2 mm resolution). The samples were then placed in a stock 1xPBS solution supplemented with 

an EDTA-free protease inhibitor (SIGMAFASTTM; Sigma-Aldrich Corp., Mo., U.S.A.) below a Ø 1.6 mm 

impermeable flat indenter in a custom built device [69] (see Figure 3.1(a)). After giving the tissue 25 

minutes to recover in this bath the indenter was moved downwards until a reaction force of 20 mN was 

recorded. This position was deemed the initial contact of the articulating surface [62], and was held for 

15 minutes to ensure an initial equilibrium state within the cartilage. A stress-relaxation indentation test 

was then performed by displacing the indenter to 7% of the tissue thickness, as estimated by caliper 

measurement, at a speed of 33 μm/s. The indenter was held in the extended position for 30 minutes, by 

which time the reaction force reached a state of equilibrium. The reaction force was recorded from the 

start of the experiment. The indenter diameter was chosen based on previous research showing  a 

negligible change in tissue response when 𝑅𝑐𝑎𝑟𝑡𝑖𝑙𝑎𝑔𝑒 > 4𝑅𝑖𝑛𝑑𝑒𝑛𝑡𝑒𝑟 [85]. Based on this same study it was 

assumed curvature at the cartilage-bone interface had a negligible effect on tissue response. 
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Each sample (n=5) underwent a four-day testing regime described in Chapter 2. Briefly, test specimens 

underwent Raman measurements before (preclear stage), during (postclear stage), and after (recovered 

stage) treatment with a fructose-based OCA. Raman measurements were then used with MCR to map 

depth-wise sub-component distributions through-the-surface. Samples were then cross-sectioned and 

Raman-based MCR measurements repeated to use as standards. Specimens underwent loading prior to 

the preclear and recovered stages to quantify time related changes in mechanical response. These 

samples are referred to as “Treated”. Control samples (n=6) underwent the same testing regime but 

were not treated with the OCA; mechanical tests were performed at equivalent time points. Results are 

reported as mean ± 95% C.I. unless otherwise stated. 

3.3.3 Thickness test 
 

To accurately obtain the sample thickness a needle was pushed through the cartilage surface while the 

reaction force was recorded. This was done using the same device for indentation, seen in Figure 3.1(a), 

with the indenter replaced by a 22-gauge needle. The tissue surface was identified once the reaction 

force exceeded 5 mN. The bone surface was identified by a sudden large change in the reaction force 

slope with respect to distance. The average sample thickness was 1.9 ± 0.5 mm.  

Data processing was completed using custom scripts created in MATLAB 2019b (MathWorks, Mass., 

U.S.A.). 
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Figure 3.1: (a) Cartilage sample undergoing thickness test using custom-built device. (b) Typical reaction 
force plot for thickness test where (+) indicates tissue/bone intersection chosen as thickness value. 

3.3.4 Finite Element Model 

 

Figure 3.2: Finite element wedge model and boundary constraints used for stress-relaxation indentation 
testing of articular cartilage. The boundary conditions applied to the wedge reproduce the axisymmetric 
nature of the test. Yellow material represents the impermeable indenter, white material represents the 
BPVE cartilage material. 
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The cartilage indentation tests were modeled as 3° axisymmetric wedges (as seen in Figure 3.2) created 

within FEBio 2.9, and consisted of 4200 predominantly linear hexahedral elements. FEBio does not 

support two dimensional elements, so axisymmetry was achieved by selecting appropriate boundary 

conditions on a wedge-shaped volume. Modeling the tissue as a wedge with suitable boundary 

conditions is a common means of simulating axisymmetric conditions in finite element solvers, 

producing similar results to 2D modeling with axisymmetric elements [62, 69, 73, 86]. The mesh was 

chosen based on refinements where a doubling of elements was found to change the maximum stress 

by less than 5%. This criterion was selected based off of previous studies using the same limit when 

conducting similar FE modeling of cartilage [69]. Additional information on the mesh sensitivity study is 

provided in Appendix B. One model exceeded the 7% strain value due to caliper estimation error and 

was further refined to 5600 elements to meet this criterion.  

3.3.5 Constitutive model 
 

To account for the solid structure of the articular cartilage in FE modeling a continuous ellipsoidal fiber 

distribution was implemented in conjunction with a supporting ground substance using FEBio 2.9. This 

constitutive model was chosen based on reported improved accuracy over mutually orthogonal fiber 

bundle and cone-wise linear elastic models, particularly in the flow-independent phase of loading [63]. 

The constitutive equations are outlined in Section 1.10, with details provided for the main parameters as 

follows.  

The strain energy density function (𝛹) for the fibers is given by Eq. (13) where 𝛽 ≥ 2 and 𝐼𝑛 ≥ 1 [63]. 

𝜉(𝑛𝑟) and 𝛽(𝑛𝑟) are variable material parameters along the fiber orientation with the former being 

related to the fiber tensile modulus in units of force per unit area, and the latter being unitless [63, 73].  

𝜉1−3 and 𝛽1−3 represent the corresponding material parameters along their respective ellipsoid semi-
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axes (1 = X, 2 = Y, 3 = Z) in the local coordinate system. When 𝛽 = 2  this results in a jump at the strain 

origin in elasticity modulus for fibers transitioning to tension at small deformations [63]. The ground 

substance supporting the continuous fiber distribution, aimed at accounting for the proteoglycans, is 

modeled as a compressible neo-Hookean hyperelastic material. The response of this material is 

governed by an elastic modulus (𝐸𝑚) and a Poisson’s ratio. Fluid flow through the porous ECM is 

modelled with Darcy’s law since the low permeability, on the order of 10-15 m4/N⋅s [15], results in low 

fluid flux and viscous shear forces. The response of this fluid phase is governed by the hydraulic 

permeability (𝑘).  

3.3.6 Material property distributions 
 

The FEBio plugin DataMap was augmented (Appendix F) to make the cartilage material properties not 

only depth dependent, but also a function of optimizable scaling factors. The superficial zone was 

assumed to make up the top 20% of tissue, followed by 50% and 30% for the middle and deep zones 

respectively [1]. Using the Raman-based MCR results from cross-sections, sample-specific normalized 

GAG content was mapped to the FE mesh as a function of depth with the adapted plugin. The modulus 

(𝐸𝑚) for the ground substance, representing the proteoglycan network, was assumed to be directly 

proportional to the GAG content. The 𝐸𝑚 at a specific depth was then scaled as 𝐸𝑚(𝑙) = 𝜌(𝑙) ∙ 𝐸𝑠𝑐𝑎𝑙𝑒 ; 

where 𝜌(𝑙) represents the normalized GAG content determined from MCR as a function of the depth 𝑙, 

and 𝐸𝑠𝑐𝑎𝑙𝑒 represents an optimizable scaling factor which is constant through the depth within an 

individual sample. The 𝐸𝑚 value at 100% of the thickness (tissue-bone interface) for all samples was 

assumed equal to the next deepest measurement. To account for collagen fibril orientation the fiber 

stiffness parameter at a specific depth was similarly multiplied by an optimizable scaling factor (𝜉𝑠𝑐𝑎𝑙𝑒), 

but used a generalised depth-dependent distribution as fibril orientation was not directly measured. 

This generalized fiber stiffness parameter distribution in the transverse (X-Y) plane was set to be 
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maximum in the superficial zone and reduced to 50%, and 33% through the middle and deep zones 

respectively. The fiber stiffness parameter in the axial (Z) direction followed the inverse of this trend. 

While the fiber tensile stiffness in the constitutive model used in this study is not linearly related to the 

strain-dependent 𝜉, it was deemed acceptable to vary it in this manner simply to demonstrate contrast 

between layers. Fiber stiffness was not varied based on collagen content determined from MCR as it was 

found to have a relatively constant distribution throughout the thickness. The unscaled material 

parameter distributions applied to an individual sample are shown in Figure 3.3. Material parameter 

transitions between data points were linear to improve solver stability. The scale parameters, 𝐸𝑠𝑐𝑎𝑙𝑒 and 

 𝜉𝑠𝑐𝑎𝑙𝑒, were estimated using the optimization procedure in FEBio, described below. 

 

Figure 3.3: Unscaled material property distributions mapped to FE model mesh for an individual control 
sample. The absolute material parameters applied to the model were scaled by their respective values 
obtained by optimization as explained in the text. 
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The Poisson’s ratio in cartilage has been shown to approach zero when compressive strains exceed 4% 

[64]. This parameter has also been shown to be lowest in the superficial zone [67] which accounts for 

the greatest contribution to tissue response in surface-based indentation testing [62]. Therefore, to 

simplify models a constant Poisson’s ratio of 0.03 was assigned to the ground substance in the tissue. 

Solid volume fractions for each sample were set constant and determined from the wet and dry weight 

of samples determined in Chapter 2. Permeability was also set constant with depth to simplify the 

models (preliminary evaluation of the effect of composition and depth-dependent permeability is 

presented in Appendix D). The exponential fiber parameter was fixed (𝛽 = 2) to enforce a jump in stress 

contribution across the strain origin when transitioning to tension.  

For comparison with the depth-dependent models mentioned above, homogeneous models were 

created using the same constitutive relationships. In these models, material parameter distributions 

were uniform through the thickness. Each fiber stiffness parameter ( 𝜉𝑋,𝑌,𝑍 ) was set to have an unscaled 

distribution value of one (spherical distribution) through the entire thickness. The same was done for 

the ground substance modulus 𝐸𝑚. The material parameters in these models were also estimated using 

the optimization procedure in FEBio explained below. 

3.3.7 Boundary conditions 
 

The cartilage-bone interface was completely fixed from movement in the X,Y, and Z directions, while the 

center axis of the cartilage plug was fixed in the X, and Y directions as seen in Figure 3.2. The 

circumferential and bearing surfaces of the cartilage plug were free draining, except where there was 

contact with the indenter. The contact between the indenter and cartilage was modelled as a 

frictionless biphasic interface, ensuring impermeability in the contact region [73]. The Ø 1.6 mm 

indenter incorporated a 0.05 mm radius fillet at the edge to improve solver stability. The indenter was 
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modeled as a rigid body which descended a distance approximately 7% of the total thickness of the 

cartilage sample to reproduce the experimental conditions. The front face of the cartilage was 

constrained to inhibit movement in the Y-direction, while the back face shared a tension-compression 

contact [73] with a symmetry plane enforced by a large penalty factor.  

3.3.8 Optimization scheme 
 

The material property scaling factors 𝐸𝑠𝑐𝑎𝑙𝑒  and 𝜉𝑠𝑐𝑎𝑙𝑒 along with tissue permeability were estimated 

using FEBio’s built-in Levenberg-Marquardt based optimization algorithm (Eq. (21)) [73]. This minimizes 

the sum of squared difference between experimental and FE-predicted reaction force over the test 

duration. For the homogeneous models, the material parameters were estimated directly. 

3.3.9 Statistical analysis 
 

Paired t-tests were performed on the peak reaction force, and equilibrium response (average of last 10 s 

of indentation test), between the preclear and recovered loading stages of all samples to assess 

differences between the two time points. Unpaired t-tests were conducted on the percent difference 

values between these two loading stages (both peak and equilibrium response) across the two sample 

groups (treated and control). This was to assess differences in tissue response due to OCA treatment. 

Statistically significant findings were classified as p < 0.05. 
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3.4 Results 

3.4.1 Cross-section based model results 
 

As reported in Chapter 2 after weighing samples both wet and dry, water was found to make up 

approximately 77.2 ± 2.4 % of the wet cartilage mass. Optimized material parameters are presented in 

Table 3.1 for both the depth-dependent and homogenous models in treated and control samples. Zone 

based 𝐸𝑚 values in this table represent the average value at 0%, 50%, and 100% tissue thickness 

respectively. The percent difference of the objective function value between the depth-dependent and 

homogenous models across all samples averaged 18.2 ± 57.1 % in favour of depth-dependence. All 

optimizations were conducted using reaction force data from the recovered stage loading. Variations in 

strain percentage occurred due to error in initial caliper thickness measurements, later confirmed using 

the thickness test (Section 3.3.3). The sensitivity of tissue response to variations in material parameters 

between samples are highlighted in Appendix C. Variations in homogeneous model material parameters 

show a relatively linear change in predicted material responses. This is demonstrated by treated samples 

1, 2, and 4 which all have similar predicted material parameters in Table C.2  and responses in Table C.6. 

Control samples have a particularly wide ranging permeability as seen in Table 3.1, leading to larger 

variations in predicted material responses reported in Table C.5. 

To assess if depth-dependent permeability could improve optimizations two preliminary models were 

also run using the FEBioStudio 1.0.0 beta software package. These models were similar to their depth-

dependent counterparts, but permeability was scaled proportionally to the normalized water content 

determined from Raman-based MCR. These models produced optimization values with a difference of 

2.3 ± 0.9 % from their constant permeability counterparts. Based on this result depth-dependent 

permeability was neglected in models (See Appendix D). 
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Table 3.1: Material parameters for FE models determined from optimizations (DD = Depth-dependent 
model, H = Homogeneous model, SVF = Solid volume fraction, SZ = superficial zone, MZ = middle zone, 
DZ = Deep zone). Ranges represent the 95% confidence interval. All parameters listed were constrained 
to be positive.  

Material 
Parameter 

Treated (DD) Treated (H) Control (DD) Control (H) 

E-scale  0.53 ± 0.49 

0.27 ± 0.27 

0.30 ± 0.36 

0.16 ± 0.19 

SZ - Em (MPa) 
(0% thickness) 

0.05 ± 0.06 0.03 ± 0.06 

MZ - Em (MPa) 
(50% thickness) 

0.49 ± 0.47 0.29 ± 0.35 

DZ - Em (MPa) 
(100% thickness) 

0.53 ± 0.51 0.20 ± 0.34 

𝝃-scale  0.87 ± 0.13 0.45 ± 0.16 0.67 ± 0.41 0.38 ± 0.23 

Permeability ⋅ 
1x10-15(m4 /N⋅s) 

5.39 ± 5.42 5.27 ± 5.32 11.00 ± 20.55 12.78 ± 22.18 

% strain 7.52 ± 1.82 6.70 ± 0.66 

SVF 0.23 ± 0.05 0.22 ± 0.04 

3.4.2 Through-the-surface based model results 
 

It was found that through-the-surface MCR measurements could accurately predict cartilage sub-

component distributions up to 0.5 mm (≈25% of the total thickness in this study) in Chapter 2. In order 

to obtain depth-dependent material property distributions past this depth in through-the-surface 

models, a linear regression was fit between the ratio of the recovered stage predicted GAG content to 

the equivalent cross-section predicted GAG content (Figure 3.4). Three control sample optimizations 

were then completed using recovered stage through-the-surface GAG measurements scaled with the 

associated regression line. These models produced optimization values with a percent difference of 4.1 

± 12.3 % from their cross-section counterparts. 
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Figure 3.4: Recovered stage through-the-surface MCR prediction of GAG content divided by the 
equivalent cross-section prediction for treated and control samples alongside regression lines. Error bars 
represent the 95% C.I. for the sample distribution. Depth measurements within a 10% thickness range 
were averaged into one depth based on negligible change in properties. 

3.4.3 Reaction force predictions 
 

A typical reaction force plot from simulated and experimental data is shown in Figure 3.5. Model time 

points were biased towards the beginning of the test to weight the optimization algorithm more heavily 

in the transient phase. Both the depth-dependent and homogeneous models under-predicted the peak 

reaction force, reaching 81.9 ± 3.3 % and 81.5 ± 5.3 % of the experimental maximum across all samples, 

respectively. The depth-dependent model consistently reproduced the transition from transient to 

equilibrium phase more accurately as seen in Figure 3.5(c). The depth-dependent model was also able to 

reproduce the equilibrium response of the tissue more consistently, reaching 98.4 ± 7.8 % of the 

experimental result (averaged over last 10 seconds of test) as opposed to a larger spread of 96.7 ± 17.4 

% for the homogeneous model.  
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Figure 3.5: (a) Reaction force plot for individual treated sample over the duration of the indentation 
test. (b) Reaction forces around the end of the ramp displacement showing a comparison of the peak 
experimental and simulated reaction forces. (c) Comparison of reaction forces near the end of the 
transient phase of the indentation test. 

Peak reaction force percent difference between preclear and recovered loading stages were 6.2 ± 27.7 

% and 1.9 ± 16.4 % for treated and control samples respectively (p = 0.25 paired t-test within groups 

between preclear and recovered stages, p = 0.55 unpaired t-test on percent difference between groups). 

Similarly, for equilibrium response (average of last 10 s of test) these percent differences were 0.2 ± 37.7 

% and 16.8 ± 50.2 % for treated and control samples respectively (p = 0.90 paired t-test within groups 

between preclear and recovered stages, p = 0.27 unpaired t-test on percent difference between groups). 

Based on this result, changes to tissue morphology were associated to time related degradation and not 

the OCA. This conclusion was also supported by comparison of Raman peak intensity ratios related to 

collagen II stability (Appendix A). 
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3.4.4 Material response 
 

Material response metrics at the time of peak reaction force from both the depth-dependent and 

homogeneous models are shown in Figure 3.6 for a single treated sample. These material responses 

varied in magnitude across samples, but maintained the same distributions shown below. 

Depth-dependent models on average produced peak first principal stresses in the cartilage 680 % larger 

than their homogeneous counterparts. However, due to the increased transverse (X-Y) fibril stiffness 

near the surface depth-dependent models only reached 92.2 ± 9.9 % of the first principal strain values 

found in homogeneous models. The depth-dependent models had 4.7 ± 14.1 % higher peak effective 

fluid pressure than the homogeneous models. While the indenter was descending into the tissue the 

peak fluid pressure would reach a maximum near the discontinuity at the indenter edge as similarly 

reported by Warner et al.[87]. This location of maximum fluid pressure migrated towards the center of 

the indenter as seen in Figure 3.6(c) and the fluid pressure decreased during the stress relaxation 

period. 

Fluid load support, defined here as the ratio of the integral of fluid pressure over the indenter contact 

area divided by the integral of the contact pressure over the indenter contact area [73], is shown for a 

single treated sample in Figure 3.7. This response was typical of all samples with the depth-dependent 

model exceeding the peak percentage of fluid load support of the homogeneous models by 3.6 ± 6.1 % 

and declining at a slower rate in comparison. After the first 180 seconds (10%) of the test the fluid load 

support approaches zero, and the material response is mainly governed by the ground substance. 
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Figure 3.6: (a) First Principal stress (MPa) at peak reaction force time for the depth-dependent and 
homogeneous models in a treated sample. Higher stresses were concentrated near the surface in the 
depth-dependent model compared to the homogeneous model. (b) First Principal strain at peak reaction 
force time for the depth-dependent and homogeneous models in a treated sample. (c) Effective fluid 
pressure at peak reaction force time for the depth-dependent and homogeneous models in a treated 
sample. Higher fluid pressures were observed in the depth-dependent model compared to the 
homogeneous model. 
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Figure 3.7: Percent fluid load support of the stress-relaxation test for a single treated sample. 

3.5 Discussion 
 

This study showed that depth and composition-based models of cartilage can reproduce experimental 

behavior. Optimized depth-dependent models produced smaller errors in reaction force, and 

concentrated fluid pressure near the surface compared to homogeneous models. This is essential for 

maintaining fluid load support [56, 58–60]. Thus, Raman spectroscopy is a useful tool for determining 

depth-dependent material property distributions in articular cartilage. Depth-dependent models 

showed an average reduction in the percent difference of optimization function values of approximately 

18% over homogeneous models. Moreover, when using recovered stage through-the-surface MCR 

measurements with a linearly regressed scaling line, results closely matched the cross-section models. 

This shows non-destructive Raman measurements made through-the-surface, similar to reported uses in 

arthroscopic surgeries [32, 33] could be of use for FE modeling. This would have direct applications in 

improving modeling of OA as it develops, however the linearly scaling GAG relationship must be 
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evaluated in degenerated cartilage samples. Furthermore, depth-dependent material properties based 

on composition could be used to study chondrocyte mechanobiology, where an accurate assessment of 

the cell micromechanical environment could explain depth-dependent cellular activity [88].The OCA 

used in this study did not improve the depth of resolution of the Raman spectroscopy-based MCR 

deconvolutions through-the-surface. The OCA used also does not appear to affect tissue morphology 

based on a recovery of mechanical response in treated samples.  

Both depth-dependent and homogeneous models failed to predict the peak reaction force in all samples 

as seen in Figure 3.5. This is likely due to the simplifications made with the biphasic material used in 

modeling. Firstly, a Poisson’s ratio and hydraulic permeability dependent on strain were not accounted 

for; both of which are observed phenomenon in articular cartilage [64, 67]. The model also did not 

incorporate an ionic-phase, accounting for the Donnan osmotic swelling pressure in the tissue which 

contributes to compressive stiffness [62, 63]. The lack of intrinsic flow-independent viscoelasticity in the 

solid matrix likely accounts for a large portion of the error in the transient phase, especially around the 

peak. This viscoelasticity has been reported as an important component in predicting the response of 

cartilage in tension and compression [65]. Another result of neglecting this material property is that its 

effects are attributed to the elastic properties of the tissue. As a consequence, the fiber tensile modulus 

parameters found may be overpredicted as noted by Chen et al. [62]. It is also important to note that 

the largest tissue deformations in indentation testing are in the superficial zone. Due to this, the tissue 

response is dominated by the material properties in this top layer, potentially neglecting contributions 

from the other zones [62].  

In spite of these inaccuracies the optimized material parameters in both models are comparable to 

other studies using similar constitutive relationships and indentation tests. Ruggiero et al. [89] reported 

a closely matching superficial and middle zone compressive modulus of 0.028 MPa and 0.14 MPa 

respectively in porcine jaw cartilage. Homogeneous models also predicted compressive and fiber tensile 
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moduli the same order of magnitude as those reported by Chen et al.[62], and Speirs and Shegaf [69]. 

However, these studies predicted higher values likely due to use of stiffer bovine knee cartilage. All of 

these studies reported permeability on a similar order of magnitude (10-15⋅m4 /N⋅s). A notable feature of 

each reported material parameter is the high inter-specimen variability, similarly found in this study and 

highlighted by the distributions in Table 3.1. This emphasizes the need for sample specific properties to 

accurately reproduce tissue response, accommodated by Raman spectroscopy. Use of generic 

parameter distributions may lead to misinterpretations between observed compositional changes in 

tissue and predicted material responses. Also based on this point, the practicality of using the averaged 

scaling line for through-the-surface Raman measurements would be dependent on using cross-section 

standards which are closely related.  

In contrast to the transient phase both the homogeneous and depth-dependent models predicted 

reaction forces in the equilibrium phase closely matching the experimental result. However, the depth-

dependent model predicted a response that was more consistent with previous studies. As reported in 

these previous studies using depth-dependent cartilage models, an increase in tensile stress near the 

articular surface was observed in conjunction with an increase in fluid pressure [56, 58, 59, 68]. As 

previously noted [56, 60] this increased fluid pressure in the depth-dependent model is related to the 

disparity between the fiber tensile modulus and ground substance compressive modulus in the 

superficial zone. Coupling this relationship with the low Poisson’s ratio, elements do not substantially 

expand in the transverse direction (X-Y) as they compress in the axial direction (Z) from loading. As a 

result, more fluid must be forced out of the pores, for an equivalent axial compression, increasing fluid 

pressure. Figure 3.6(a) shows how another by-product of this tensile and compressive modulus disparity 

is a larger recruitment of the superficial zone to support the indenter strain in the depth-dependent 

model. Because of this, lower layers are shielded from tensile stress in comparison to the homogeneous 

model. This difference in predicted stress demonstrates the importance of linking sample specific 
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composition changes that would be observed in OA, to tissue response. This has the potential to change 

our understanding of how physiological loading affects, and is affected by, OA development. The stated 

modulus relationship also reduces the maximum tensile strain directly below the center of the indenter 

for depth-dependent models as seen in Figure 3.6(b). While the increase in fluid pressure was relatively 

small for the single ramp displacement (4% increase in depth-dependent models) the effects of the 

tensile-compressive modulus disparity would be more apparent in cyclic loading. Evidence for this is also 

shown here by the increased and sustained fluid load support ratio seen in Figure 3.7. This difference in 

the transient phase would likely be increased under cyclic loading which occurs with much shorter cycle 

times in-vivo (≈ 1 s) compared to the relaxation time of this experiment. In this loading configuration the 

disparity in moduli is key for maintaining fluid pressurization as shown by Mäkelä and Korhonen [90]. 

This is an important aspect of articular cartilage loading which decreases friction and improves wear 

resistance in the tissue [56, 58–60]. 

Past studies have shown that the use of polarized light microscopy or magnetic resonance imaging for 

determining collagen fibril orientation can improve FE modeling of cartilage [56, 57, 91]. As a simplified 

fiber orientation distribution was used in depth-dependent models for this study, use of polarized 

Raman spectroscopy for determining fibril orientations could further improve models [20]. The 

theoretically predicted tensile stiffness of the fibrils could also be validated by use of tensile testing [92]. 

Preliminary results using depth-dependent permeability were shown to have little effect on improving 

optimization values. However, inaccuracies associated with using Raman-based MCR in the 400-1800 

cm-1 range may have contributed to this result (Chapter 2). Future work increasing the number of data 

points along the tissue thickness, along with using MCR across the 0-3200 cm-1 range, may improve 

these results. In addition, incorporating permeability with strain dependence and flow-independent 

ground substance viscoelasticity will likely improve the transient response of the material. Further work 

using alternative OCAs and clearing techniques could also enhance through-the-surface measurements 
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for modeling purposes. A key assumption which must be confirmed in future studies is whether the 

compressive stiffness of the ground substance can be proportionally scaled with GAG content. Bergholt 

et al. [20] reported this correlation could not be found when using nano-indentation testing throughout 

the depth of cartilage cross-sections. However, this conclusion is yet to be exhaustively tested. 

3.6 Conclusion 
 

Application of Raman spectroscopy-based MCR measurements of depth-dependent sub-component 

distributions in cartilage were shown to improve tissue response in FE models. Depth-dependent models 

using Raman measurements made through-the-surface, with scaling factors, also proved capable of 

predicting material responses similar to their cross-section counterparts. This shows Raman 

spectroscopy-based MCR measurements made in-situ or in-vivo could potentially be useful in non-

destructively assessing degenerative changes in cartilage over time. This would have direct applications 

in modeling of joint diseases such as osteoarthritis as they develop. This would also be applicable in 

examining the evolution of properties as the matrix is recapitulated in engineered tissue. While the OCA 

used in this study did not improve the resolution of Raman measurements through-the-surface, 

alternate OCAs and clearing techniques could prove more beneficial.  
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Chapter 4 

Discussion and Conclusion 
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4. Discussion and Conclusion 
 

Raman spectroscopy-based MCR measurements of cartilage through-the-surface can reliably predict 

sub-component distributions up to 0.5 mm – representing 25% of the cartilage thickness in this study. 

This study also showed that depth and composition-based FE models of cartilage created using Raman 

spectroscopic measurements can reproduce experimental behavior. Optimized depth-dependent 

models using Raman data from cross-sections reduced error in predicted reaction force by 

approximately 18% compared to homogeneous models. They also concentrated fluid pressure near the 

surface which is essential for maintaining fluid load support. Thus, Raman spectroscopy is a useful tool 

for determining depth-dependent material property distributions in articular cartilage. Through-the-

surface Raman measurement-based models also closely matched their cross-section equivalents. This 

shows that Raman measurements made in-situ or in-vivo could be applicable for FE modeling of 

cartilage.  

The clearing solution used in this study does not appear to have any benefit in regards to increasing the 

depth of resolution for through-the-surface Raman measurements. Despite the potential for urea to 

denature the proteins in cartilage, it was determined that the OCA did not affect tissue morphology. This 

was concluded based on a recovery in tissue mechanical response noted in Section 3.4.3 between the 

preclear and recovered loading stages. Furthermore, changes in Raman band intensity ratios between 

these stages related to collagen stability (mentioned in Section 1.6) were assessed in Appendix A. Only a 

small positive difference, indicating dehydration [42], is present in some samples for the 938/922 cm-1 

ratio. This was deemed related to time dependent degradation as it is shared among both treated and 

control samples. Further details on the scripts used to process Raman data are shown in Appendix E. 
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4.1 Limitations 
 

Several limitations were found regarding the testing methods used in this thesis. MCR deconvolution in 

the 400-1800 cm-1 range led to unrealistic (> 1.0 g/mL) water concentrations near the surface of 

cartilage. This was due to the low molecular specificity of the water spectra in the measurement range 

[21]. As previously reported MCR deconvolutions should ideally include the O-H stretching vibration in a 

3200-3650 cm-1 range to improve accuracy [21]. Lack of an appropriate grating in the spectrometer 

used, prevented this range expansion to reach the high-wavenumber Raman shifts. This error in 

predicted water distributions also likely impacted the preliminary FE models with depth-dependent 

permeability. The methods and results used to compare these depth-dependent permeability models 

with those in Chapter 3 are shown in Appendix D. Based on a negligible change in optimization function 

value (sum of squared difference) of these depth-dependent permeability models from their constant 

permeability counterparts this property was neglected. This is a notable potential topic for future 

research. 

Referencing depth measurements based on surface boundaries proved challenging for cartilage. Due to 

the steep composition gradients near the surface boundary in cartilage, care must be taken in specifying 

these reference heights. Some Raman based studies of connective tissue have found success using area 

under the curve measurements of certain Raman peaks for this purpose [42, 93]. However, use of a wire 

with known reference dimensions led to more timely zeroing measurements with acceptable tolerances 

(± 29 µm described in Section 2.5). For application in-situ or in-vivo different reference height 

measurement methods should be explored which strike a balance between accuracy and speed of 

acquisition. 

While depth-dependent FE models did show an improved tissue response over homogeneous models, 

inaccuracies still exist due to simplifying assumptions. This error was particularly noticeable in the 
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transient phase of loading. Some of these inaccuracies include the lack of flow-independent 

viscoelasticity in the ground substance, lack of an ionic phase, and permeability and a Poisson’s ratio 

independent of strain. The loading regime for modeling tissue response was also limited to uniaxial 

indentation testing. The response from this type of loading is more heavily influenced by the material 

properties of the superficial zone [62]. As a result, contributions from deeper zones are potentially 

neglected affecting the accuracy of the predicted material parameters. Supplemental information for 

each FE model is provided in Appendix C. 

Similarly found across all measurements in this thesis, and others involving cartilage [20, 21, 62, 81, 89], 

is the high amount of inter-specimen variability. Due to this fact it is difficult to assign generic material 

property distributions across any specimen. This emphasizes the need for sample specific cartilage 

measurements, which can be accommodated by Raman spectroscopy. This also means that application 

of regressed lines to adjust Raman data at depth for measurements in-situ or in-vivo would be 

dependent on the use of closely related cross-section standards. The large variability of the material 

parameter scaling terms in Table 3.1 suggests that properties may be poorly estimated from just Raman 

spectra and MCR analysis, and may require mechanical testing in each case. However, use of spectra 

that include high wavenumbers can better estimate water content [21], and may improve the 

composition estimates and reduce the scaling factor variability.  Intra-specimen variability was low in 

comparison as highlighted by the consistency in through-the-surface MCR scores shown in Figure 2.5, 

and reaction force responses in Table C.3 and C.4. While the sample size used was deemed adequate for 

the purposes of this proof of concept study, future works would benefit from better describing the 

population distribution with larger sample sizes. 

Multiple assumptions and measurements made within this thesis provide compounding error. Position 

error in the needle and indentation test linear actuator was ± 1.27 µm (0.9% of average total indenter 

displacement) for a full stroke, and ± 0.1% of full-scale combined error in loadcell reaction forces. 
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Caliper measurement error associated with volume measurements used in Section 2.3.7 was difficult to 

quantify due the tissue softness. However, the initial thickness measurements were carried out in a 

similar manner and were calculated to have an average difference of 3% from needle thickness tests. 

Five samples relied on the 75% thickness spectra replacing the 100% measurement, due to the latter 

containing large bone contributions in its spectra. However, this was deemed a valid approximation due 

to the relatively constant composition found between the two measurement locations in the remaining 

seven samples. Error associated with MCR results are not quantifiable in this thesis due to a lack of a 

comparison standard, but likely contributed the majority of measurement error. Albro et al.[21] has 

reported correlation coefficients of 0.88 and 0.83 for GAG and collagen respectively in similar 

measurements for MCR predicted distributions vs. assay tests. The remaining unavoidable systematic 

error would be associated with using defined geometries (modeling the specimen as perfect cylinder) 

and boundaries (strict tissue-bone interface) for biological tissues.  

4.2 Future work 

 

Numerous possibilities exist for future research based on the results from this thesis. Quantifying the 

ability of Raman-based MCR to identify compositional changes in heathy vs. OA tissue must be 

conducted to determine its applicability in-situ or in-vivo. These studies would have to assess the 

sensitivity of MCR-ALS in detecting changes to cartilage spectra based on known stages of tissue 

degeneration. However, this holds promise as OA is characterized by progressive changes in 

composition starting from the surface [4], where this measurement technique was most reliable. This 

will also likely involve the use of machine learning algorithms to assist in defining classification 

thresholds. In addition to this point, the results obtained in this thesis mainly constitute training data for 

fitting Raman measurements to compositional distributions of cartilage. Future studies should show the 



71 
 

application of data based on test sets, validating model predictions as has been done by Albro et al.[21] 

with assay comparisons. Further work to this would be based on assessing data obtained 

arthroscopically using spectrometers. The feasibility of using spectrometers for this purpose has recently 

been proven using near-infrared and Raman spectroscopes [31–33]. Successful distinction of healthy 

and damaged tissue in this scenario would offer an import means of assessing OA as it develops. These 

tests could also offer an in-situ means of assessing engineered cartilage through stages of development 

[94]. Typical joint surface curvature in-vivo would likely not affect measurements due to small probe 

sizes ranging from 2-3 mm in diameter [32, 33]. However, as noted by Prakash et al. [32] a limiting factor 

is narrow joint spaces resulting in suboptimal probe alignment. 

Many past studies have used polarized Raman spectroscopy for determining collagen fibril orientations 

in tissue [20, 43, 95, 96]. While the change in intensity of specific collagen peaks due to orientation is 

relatively easy to quantify in cross-sections, the attenuation linked to in-situ or in-vivo measurements 

would make this task more challenging. Studies quantifying to what depth collagen orientation can be 

accurately determined are another potential route for future studies. One possibility for this would be 

using MCR in conjunction with reference Raman spectra of preferentially arranged collagen fibrils. This 

may offer a means of quantifying orientation ratios in all directions for a discrete volume or layer of 

tissue, as opposed to an averaged value [20].  Applying this information to FE models of cartilage may 

also improve sample specific predictions in tissue response, as has similarly been done using MRI [56]. 

Using static uniaxial indentation is not the most accurate means of quantifying the entire depth-

dependent mechanical properties of soft tissues like cartilage [62, 97]. Other common means of testing 

cartilage like confined/unconfined compression also have drawbacks due to the non-physiological 

stresses they can impose [69], and require careful specimen preparation. As a result, studies employing 

biaxial dynamic loading of cartilage have been shown to better simulate typical physiological loading of 

the tissue [69]. This in turn could offer better insight into how the depth-dependent sub-components of 
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cartilage interact and respond to loading in-vivo. Future studies using depth-dependent distributions 

from Raman spectroscopy in combination with biaxial dynamic loading would offer improved 

predictions of tissue response. These future studies should also try to model the flow-independent 

viscoelasticity of the tissue through multiple independent stress relaxation tests under both tension and 

compression. However, differentiating flow dependent and independent viscoelastic effects is difficult 

with individual curve fitting optimizations due to the large number of parameters involved resulting in 

overfitting. Typically these tissue behaviours require direct measurement of the hydraulic permeability 

or dynamic shear loading [65, 98] .    

Alternate clearing solutions, or longer exposure to higher concentrations of FRUIT, may improve 

through-the-surface measurements in future studies. The important aspect of choosing these 

alternative OCAs will revolve around reducing spectral overlap with important collagen features as 

mentioned in Chapter 2. Preliminary tests using the formamide based ClearT2 [99] OCA offered a 

promising alternative to the fructose-based FRUIT [74] due its speed in clearing (1.5 h vs. 12 h). This 

solution also did not appear to affect tissue morphology based on a recovery in tissue response between 

preclear and recovered stages. Numerous other options also exist for optical clearing which could 

improve results [49, 50].  

4.3 Conclusion 
 

This thesis demonstrated the feasibility of using Raman spectroscopy in conjunction with MCR to 

determine the distribution of cartilage sub-components through-the-surface. Raman measurements 

made through-the-surface could reliably predict these distributions up to a depth of approximately 0.5 

mm. Optical clearing with the FRUIT based OCA did not improve these measurements. Furthermore, it 
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was determined a potential OCA must homogenize tissue scattering enough to overcome the inherent 

error associated with additions to the total number of sub-components MCR-ALS solves for.  

Depth-dependent FE models using material property distributions based on Raman data improved 

predictions of tissue response in comparison to simplified homogeneous models. Error in predicted 

reaction force from these depth-dependent models was reduced by 18% in comparison to 

homogeneous models. Through-the-surface Raman measurement-based FE models also performed 

similarly to their cross-section counterparts. This demonstrates how Raman spectroscopic 

measurements made in-situ or in-vivo could improve current modeling of cartilage. Applications of this 

measurement technique arthroscopically could yield an improved understanding of how compositional 

changes observed in early stage OA affect tissue response. This may provide better insight into potential 

treatments. 

4.4 Contributions to field 
 

This thesis showed that Raman spectroscopy-based MCR measurements of cartilage sub-components 

can improve FE modeling of the tissue. The tissue response predicted by these depth-dependent models 

was also analysed and shown to be superior to commonly used homogeneous models [62, 69]. The 

depth to which Raman spectroscopy-based MCR measurements could accurately discern this 

composition was also quantified. It was demonstrated that this measurement technique could be of use 

in-situ or in-vivo based on results obtained through-the-surface.  
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Appendix A: Raman band intensity ratios 
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Description: The differences between specific Raman peak intensities between the preclear and 

recovered stages are shown for each sample below. Information on these ratios, along with their 

structural affiliations, are described in Section 1.6. 

 

Figure A.1: Difference in intensity ratio of collagen peaks between preclear and recovered stages for 
treated and control samples (preclear ratio – recovered ratio). Collagen peaks ratios are related to 
collagen stability as described in Section 1.6. 
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Appendix B: Mesh sensitivity study 
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Description: A mesh sensitivity study was conducted on models representing the extremes of either 

tissue thickness or indentation strain. The criteria for an acceptable mesh refinement was a difference in 

maximum stress of no more than 5% with a doubling of element count. This criterion was selected 

based off of previous studies using the same limit when conducting similar FE modeling of cartilage [69]. 

All models used the 4200 element mesh for cartilage, with the exception of one higher strain model 

(treated #5) using 5600 elements. The figure below shows the change in maximum effective stress with 

respect to element count for control sample #6. 

 

Figure B.1: Mesh sensitivity study for FE models quantifying the change in percent difference of the 
maximum effective stress observed in continually refined meshes.  
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Appendix C: Supplemental FE model data 
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Description: Supplemental data obtained from the FE models of each cartilage sample are shown in the 

tables below. These highlight model parameters and predicted responses in comparison to experimental 

results. In tables Table C.5 and Table C.6 the percent fluid load support in certain samples slightly 

exceeded 100%; however, this was assumed to be due to numerical round off error as fluid pressure is 

evaluated at element nodes while the contact traction is evaluated at integration points [73]. 

Table C.1: Control sample FE model properties (DD = depth-dependent, H = homogeneous, SVF = solid 
volume fraction). Percent difference in objective function values represent DD models subtracted from 
H models.  

Control Sample # 1 2 3 4 5 6 

Thickness (mm) 1.70 1.90 1.57 1.79 1.96 2.10 

% strain 6.64 6.74 6.82 6.82 6.08 7.09 

SVF 0.22 0.25 0.23 0.21 0.20 0.19 

Objective 
value (DD) ⋅ 1x10-4 0.15 2.77 0.16 0.53 1.46 2.03 

E-scale  0.15 0.37 0.12 0.16 0.50 0.52 

𝝃-scale (DD) 0.39 0.96 0.51 0.78 0.63 0.78 

Perm (DD) ⋅ 
1x10-15 (m4 /N⋅s) 27.81 3.27 22.05 10.01 5.66 3.16 

Objective 
value (H) ⋅ 1x10-4 0.18 2.51 0.20 0.66 1.06 2.10 

E-scale (H) 0.09 0.21 0.06 0.08 0.26 0.27 

𝝃-scale (H) 0.21 0.54 0.29 0.43 0.35 0.44 

Perm (H) ⋅ 
1x10-15 (m4 /N⋅s) 30.25 3.47 23.21 10.32 6.03 3.39 

Objective value 
% difference (H-DD) 15.33 -9.74 20.49 22.14 -31.56 2.99 
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Table C.2: Treated sample FE model properties (DD = depth-dependent, H = homogeneous, SVF = solid 
volume fraction). Percent difference in objective function values represent DD models subtracted from 
H models.  

Treated Sample # 1 2 3 4 5 

Thickness (mm) 2.23 2.15 1.91 2.35 1.48 

% strain 7.09 7.21 7.66 6.59 9.03 

SVF 0.21 0.27 0.23 0.22 0.24 

Objective 
value (DD) ⋅ 1x10-4 4.88 3.75 0.93 1.67 1.14 

E-scale 0.83 0.77 0.27 0.45 0.36 

𝝃-scale (DD) 0.95 0.80 0.82 0.84 0.93 

Perm (DD) ⋅ 
1x10-15 (m4 /N⋅s) 2.39 3.15 9.21 5.40 6.79 

Objective 
value (H) ⋅ 1x10-4 5.89 4.41 1.42 2.03 2.80 

E-scale (H) 0.44 0.39 0.13 0.20 0.21 

𝝃-scale (H) 0.56 0.47 0.45 0.47 0.33 

Perm (H) ⋅ 
1x10-15 (m4 /N⋅s) 2.72 3.54 9.68 5.67 4.72 

Objective value 
% difference (H-DD) 18.74 16.03 42.03 19.78 84.38 

 

Table C.3: Control sample reaction forces in preclear vs. recovered stages (RF = reaction force). 
Equilibrium RF represents average of last 10 s of 1800 s indentation test.  

Control Sample # 1 2 3 4 5 6 

Preclear peak 
RF (mN) 4.89E+02 1.90E+03 7.10E+02 1.28E+03 1.14E+03 1.99E+03 

Preclear 
equilibrium RF (mN) 26.06 88.72 34.92 53.26 85.21 127.98 

Recovered peak 
RF (mN) 5.31E+02 2.02E+03 6.54E+02 1.22E+03 1.30E+03 1.92E+03 

Recovered 
equilibrium RF (mN) 27.91 83.68 21.29 31.89 86.56 122.13 
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Table C.4: Treated sample reaction forces in preclear vs. recovered stages (RF = reaction force). 
Equilibrium RF represents average of last 10 s of 1800 s indentation test.  

Treated Sample # 1 2 3 4 5 

Preclear peak 
RF (mN) 1.98E+03 2.02E+03 1.48E+03 1.84E+03 1.84E+03 

Preclear 
equilibrium RF (mN) 152.06 159.92 69.90 108.32 81.56 

Recovered peak 
RF (mN) 2.66E+03 2.22E+03 1.44E+03 1.73E+03 1.86E+03 

Recovered 
equilibrium RF (mN) 204.21 175.07 62.38 91.64 72.72 

 

Table C.5: Control sample FE model material response (RF = reaction force, EXP = experimental, DD = 
depth-dependent model, H = homogeneous model, FLS = fluid load support). Equilibrium RF represents 
average of last 10 s of 1800 s indentation test. 

Control Sample # 1 2 3 4 5 6 

Peak RF (EXP) (mN) 5.31E+02 2.02E+03 6.54E+02 1.22E+03 1.30E+03 1.92E+03 

Peak RF (DD) (mN) 4.32E+02 1.66E+03 5.33E+02 9.82E+02 1.02E+03 1.62E+03 

Peak RF (H) (mN) 4.23E+02 1.68E+03 5.37E+02 9.94E+02 1.04E+03 1.64E+03 

Equilibrium 
RF (EXP) (mN) 27.91 83.68 21.29 31.89 86.56 122.13 

Equilibrium 
RF (DD) (mN) 29.13 83.52 21.83 32.09 78.00 119.62 

Equilibrium 
RF (H) (mN) 28.37 79.35 20.80 29.61 83.23 115.20 

Max fluid pressure 
(MPa) (DD) 0.25 0.91 0.32 0.56 0.54 0.87 

Max First Principal 
stress (MPa) (DD) 0.56 8.53 3.32 3.96 0.44 1.96 

Max First Principal 
strain (DD) 5.70E-02 6.13E-02 5.27E-02 6.20E-02 5.56E-02 7.11E-02 

Max FLS ratio (DD) 1.05 1.04 1.06 1.06 1.03 1.04 

Max fluid pressure 
(MPa) (H) 0.24 0.89 0.31 0.57 0.53 0.83 

Max First Principal 
stress (MPa) (H) 0.20 0.56 0.26 0.46 0.33 0.56 

Max First Principal 
strain (H) 6.06E-02 6.62E-02 6.07E-02 6.94E-02 5.76E-02 7.49E-02 

Max FLS ratio (H) 1.02 1.03 1.08 1.04 1.01 0.95 
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Table C.6: Treated sample FE model material response (RF = reaction force, EXP = experimental, DD = 
depth-dependent model, H = homogeneous model, FLS = fluid load support). Equilibrium RF represents 
average of last 10 s of 1800 s indentation test. 

Treated Sample # 1 2 3 4 5 

Peak RF (EXP) (mN) 2.66E+03 2.22E+03 1.44E+03 1.73E+03 1.86E+03 

Peak RF (DD) (mN) 2.17E+03 1.80E+03 1.19E+03 1.43E+03 1.58E+03 

Peak RF (H) (mN) 2.21E+03 1.82E+03 1.18E+03 1.44E+03 1.39E+03 

Equilibrium 
RF (EXP) (mN) 204.21 175.07 62.38 91.64 72.72 

Equilibrium 
RF (DD) (mN) 199.39 172.47 59.29 86.89 73.49 

Equilibrium 
RF (H) (mN) 189.09 164.50 55.03 82.81 88.16 

Max fluid pressure 
(MPa) (DD) 1.15 0.94 0.68 0.77 0.90 

Max First Principal 
stress (MPa) (DD) 3.03 2.89 5.09 1.80 5.48 

Max First Principal 
strain (DD) 7.46E-02 7.52E-02 6.90E-02 6.53E-02 7.74E-02 

Max FLS ratio (DD) 1.00 1.04 1.05 1.05 1.04 

Max fluid pressure 
(MPa) (H) 1.10 0.90 0.66 0.76 0.71 

Max First Principal 
stress (MPa) (H) 0.73 0.62 0.61 0.53 0.55 

Max First Principal 
strain (H) 7.55E-02 7.59E-02 8.03E-02 7.09E-02 9.15E-02 

Max FLS ratio (H) 0.98 1.00 1.00 0.97 1.01 
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Appendix D: Depth-dependent permeability FE models 
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Description: To assess the effects of depth-dependent permeability on cartilage two preliminary models 

were created using the beta version of FEBioStudio 1.0.0. In these models, representing treated sample 

#1 and control sample #5, the permeability was scaled proportional to the normalized water content 

determined from Raman spectroscopy. These models were simply meant to be a preliminary test, and 

not a comprehensive study on the material response. 

The only means found of applying a surface-to-surface map for material properties in this beta software 

version involved restricting meshes to one volume with only one element type. Therefore, the standard 

mesh model had to be altered into one part with the wedge-shaped elements at the symmetry axis 

deleted. These deletions are highlighted in Figure D.1. This also meant the mesh could not be biased 

towards the indenter edge where maximum stresses occur. These altered models consisted of 8715 

hexahedral elements while the standard model consisted of 4200 elements for the cartilage. 

 

Figure D.1: Alterations to the cartilage mesh made to accommodate material property surface-to-
surface maps in FEBioStudio 1.0.0. Tetrahedral element deletions are highlighted by the red square. 

Three models were compared for the two samples: the standard depth-dependent model with constant 

permeability, the altered mesh model with the same material properties as the standard model, and the 

altered mesh model with depth-dependent permeability based on Raman results. These comparisons 

are shown below in Table D.1. The altered mesh model using constant permeability produced a very 
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similar response to the standard model in treated sample #1, but differed notably in tensile stress for 

control sample #5. The tensile strain in both altered models with constant permeability was higher than 

their standard model counterparts. These differences are the result of element deletions and a lack of 

mesh refinement. Despite these differences both models produced objective function values very 

similar to the standard models. In addition to this the alternate mesh models with depth-dependent 

permeability produced nearly the same response as the altered mesh models with constant 

permeability. It was based on this result that depth-dependent permeability proportional to Raman 

results was neglected from FE models. 

Table D.1: Standard and altered mesh model properties (std = standard depth-dependent model with 
constant permeability, alt-CP = altered mesh model with constant permeability, alt-DDP = altered mesh 
model with depth-dependent permeability). 

Model 
Treated 

Sample #1 
(std) 

Treated 
Sample #1 

(alt-CP) 

Treated 
Sample #1 
(alt-DDP) 

Control 
Sample #5 

(std) 

Control 
Sample #5 

(alt-CP) 

Control 
Sample #5 
(alt-DDP) 

E-scale 0.83 0.83 0.50 0.51 

𝝃-scale 0.95 0.97 0.63 0.66 

Permeability ⋅ 
1x10-15 (m4 /N⋅ s) 2.39 2.91 5.66 9.16 

Objective 
value ⋅ 1x10-4 4.88 4.96 5.01 1.46 1.46 1.43 

Max fluid 
pressure (MPa)   1.15 1.15 1.14 0.54 0.53 0.55 

Max First 
Principal stress 
(MPa)  

3.03 3.29 3.46 0.44 0.27 0.26 

Max First 
Principal strain  7.46E-02 9.18E-02 9.23E-02 5.56E-02 7.09E-02 7.08E-02 

Max FLS ratio 1.00 1.04 1.01 1.03 1.05 1.03 
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Appendix E: Raman spectra processing scripts (pseudo code) 
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Description: This appendix details the main Matlab script and functions utilized in pre-processing of 

Cartilage Raman spectra. 

E.1 Function for removing cosmic rays from spectra 
 

%This function, courtesy of Harry Allen, takes in a matrix containing 

%multiple acquisitions of spectral data from a measurement location 

%(spectra), specifies a peak multiple which is undesirable (C), specifies the 

%order (order) and a window (framelen) of a sgolay filter to be used. It 

%returns the spectra with cosmic rays removed(fixed)along with information 

%on the cosmic rays. 

function [fixed,crays,count] = removeCosmicRays(spectra,C,order,framelen) 

 

fixed(:,:) = spectra; 

weights = ones(1,framelen); %vector of ones for sgolay filt weights 

 

%Take the median and absolute difference of spectra to sort them 

med = median(fixed); 

absdiff = abs(fixed-med); 

sort_absdiff = sort(absdiff,'descend'); 

%Specify the cosmic rays as greater than the specified multiple 

cosmic_rays = absdiff > C*(vector of second highest peak intensities); 

crays(:,:) = cosmic_rays; 

nf = any(cosmic_rays,2); %Find the cosmic rays position 

%Loop to find any cosmic rays and replace them with a sgolay filter 

alternative. 

w = 1;  

while any(nf) 

    %specify weight for sgolay filt to ignore the cosmic ray 

    weights(1,midpoint-w:midpoint+w) = 0.0001; 

    %specify filtered alternative for cosmic ray locations 

    sg = sgolayfilt(fixed(nf,:),order,framelen,weights,2); 

    inds = find(nf); 

    for all index locations specified 

   %Replace the cosmic rays with the filtered alternative 

        fixed(at the cosmic ray location) = sg(at the cosmic ray location) 

    end 

    %Re-specify the difference order, and check for cosmic rays again  

    med(1,:) = median(fixed); 

    absdiff(:,:) = abs(fixed-med); 

    %Re-specify what the second highest peak intensity is now 

    vector of second highest peak intensities = ... 

    max(absdiff(absdiff < max(absdiff))); 

    %Re-specify cosmic rays 

    cosmic_rays(:,:) = absdiff > C*smad; 

    nf(:) = any(cosmic_rays,2); 

    w = w+1; %Expand the window of ignoring weights if the cosmic rays have  

    %survived the loop.  

    %Break the loop once you have passed the allotted window length 

    if w > floor(framelen/2 +1)/2 

        break 
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    end   

end 

end %End of function 

E.2 Function for removing fluorescent background from spectra 
 

%This function, courtesy of Harry Allen, takes in a matrix containing 

%spectral data (spectra), a window for the SNIP algorithm [76,78], and an 

%order (order) and window (window) for the sgolay filter used within. It 

%returns the spectra with background removed (bgremd), along with the removed 

%component (bg).  

function [bgremd, bg] = bgrem(spectra,window,order,sgw) 

    [rows, cols] = size(spectra); 

    %index 1 in spectra will be a = w+1 in padded version 

    w = floor(window/2); 

    a = w+1; 

    %index end in spectra will be b = end + w in padded version 

    b = cols+w; 

    %create padded version of the spectra that adds mirrors to the  

    %beginning and end of the spectrum a length equal to the window. 

    %This is so we can remove the background at the edges of the spectrum 

    %too.   

    padded = zeros(cols + 2*w,rows); 

    padded(a:b,:) = spectra.'; 

    %padded region is reflected difference 

    for i = 1:w 

        padded(a-i,:) = 2.*padded(a,:) - padded(a+i,:); 

        padded(b+i,:) = 2.*padded(b,:) - padded(b-i,:); 

    end 

    %smooth padded dataset 

    padded(:,:) = sgolayfilt(padded,order,sgw); 

 

    %now apply SNIP (1st order) algorithm 

    %The SNIP algorithm iteratively determines a baseline to subtract from  

    %the spectrum by finding the minimum between a given point and the 

    %average value of the outer edges of a window centered on that point. 

    for j = w:-1:1 

        padded(a:b,:) = min(padded(a:b,:),(padded(a-j:b-j,:) + ... 

        padded(a+j:b+j,:))./2); 

    end 

    bg = padded(a:b,:).'; 

    bgremd = spectra - bg; 

end %End of function 

 

E.3 Script for processing Raman spectra from cartilage 
 

%This script processes the raw Raman spectral data by carrying out NIST 

%intensity corrections, removing cosmic rays, and removing the fluorescent 

%background.  
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%Specify polynomial constants and the NIST curve based on Choquette 

%et al.[77]. 
a0 = 9.71937E-2; a1 = 2.28325E-4; a2 = -5.86762E-8; a3 = 2.16023E-10; 
a4 = -9.77171e-14; a5 = 1.15596E-17; 
polyCurve = @(x) a0 + a1*x + a2*x.^2 + a3*x.^3 + a4*x.^4 + a5*x.^5; 

 
%Read in NIST file, average spectra between two measurement periods. 

NISTspectra = mean(two measurement periods); 

%Change wavelength to wavenumber. 

Wavenmr = (((1/784.695)-(1./(wavelength values))).*1e7);  
Wavenmr = set limits between wavenumber range[400 1800]; 

%Remove cosmic rays from NIST spectra specifying (spectra, multiple of peak 

%to remove, sgolay filter order, window). 

NISTspectra = removeCosmicRays(NISTspectra,1.7,2,15);  

%intensity correction curve to multiply spectra by is NIST polynomial curve 

nist= polyCurve(Wavenmr); 
corrCurve = nist./NISTspectra  

 

%Three baseline measurements are taken during measurement of cartilage from 

%surface to bone. These baselines are just the background intensities 

%recorded when not focused on a sample. 

baseline = mean(3 baseline measurements);  

 
for all files containing cartilage spectral data  
    cartilage_spectra = removeCosmicRays(cartilage_spectra,1.7,2,15); 
%Subtract baseline and multiply by correction curve for all 15 acquisitions  

%of cartilage spectra in one file. 

    for J = 1:15 
        cartilage_spectra(J,:) = cartilage_spectra(J,:)-baseline; 
        cartilage_spectra(J,:) = cartilage_spectra(J,:).*corrCurve; 
        %Vector Normalization scheme      
        cartilage_spectra(J,:) = bgremove(cartilage_spectra(J,:),135,2,15); 
        cartilage_spectra(J,:) = sgolayfilt(cartilage_spectra(J,:),3,15); 
        cartilage_spectra = cartilage_spectra - min(cartilage_spectra); 
        surf_norm(J,1) = norm(cartilage_spectra(J,:)); 
        cartilage_spectra(J,:) = cartilage_spectra(J,:)./surf_norm(J,1); 
    End 

 

%find standard deviation of each peak over 15 acquisitions. 
cartilage_spectra_std = std(cartilage_spectra);  
cartilage_spectra = mean(cartilage_spectra); %Average all spectra into one  

 
%Carry out individual peak ratio calculations across all acquisitions to get 

%appropriate confidence intervals, use standard deviation data. 
end %End of script 

  



98 
 

 

 

 

 

 

 

 

 

Appendix F: FEBio input files & DataMap alterations (pseudo code) 
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Description: This appendix details the alterations made to the DataMap plugin to create optimizable 

scaling factors. It also shows the corresponding alterations made to the FEBio XML input files to 

implement the optimizable scaling factors. 

F.1 DataMap header file 
 

//The following are the alterations that must be made to the FEEFDNeoHookean2.h file to 
//make E and ksi optimizable from a scaling factor. Once compiled the DataMap .dll file 
//is linked to the FEBio configuration file. 
 
//Within the public domain of the FEEFDNeoHookean2 subclass in the header file specify a 
//scaling parameter to optimize for. 
class FEEFDNeoHookean2:public FEElasticMaterial 
. 
. 
. 
public: 
 double m_E; //!< Young's modulus 
 double m_Escale; //!< Young's modulus scaling factor 
 double m_v; //!< Poisson's ratio 
 double m_ksi[3]; //!< ksi 
 double  m_ksiscale; //!< Fiber modulus scaling factor 
 double m_beta[3]; //!< beta 

. 

. 

. 

}//End 

F.2 DataMap source file 
 

//The following are the alterations that must be made to the FEEFDNeoHookean2.cpp file to 
//make E and ksi optimizable from a scaling factor. Once compiled the DataMap.dll file 
//is linked to the FEBio configuration file. 
 
// Within the parameter list of the source file define the material parameters for the 
//scaling terms. 
BEGIN_PARAMETER_LIST(FEEFDNeoHookean2, FEElasticMaterial) 
 ADD_PARAMETER(m_E, FE_PARAM_DOUBLE, "E"); 
 ADD_PARAMETER(m_v, FE_PARAM_DOUBLE, "v"); 
 ADD_PARAMETER(m_Escale, FE_PARAM_DOUBLE, "Escale"); 
 ADD_PARAMETERV(m_beta, FE_PARAM_DOUBLE, 3, "beta"); 
 ADD_PARAMETERV(m_ksi , FE_PARAM_DOUBLE, 3, "ksi" ); 
 ADD_PARAMETER(m_ksiscale, FE_PARAM_DOUBLE, "ksiscale"); 
END_PARAMETER_LIST(); 

. 

. 

. 
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//Within the Stress and Tangent functions define E and Ksi to be scaled from the 
//material parameters. 
mat3ds FEEFDNeoHookean2::Stress(FEMaterialPoint& mp) 
{ 
 Data& data = *mp.ExtractData<Data>(); 
 double E = (data.m_E)*(m_Escale);//Add the scaling factor to determine the stress  
 double v = data.m_v; 
 double* beta = data.m_beta; 
 double ksiscale[3]; 
 ksiscale[0] = data.m_ksi[0] * m_ksiscale; 
 ksiscale[1] = data.m_ksi[1] * m_ksiscale; 
 ksiscale[2] = data.m_ksi[2] * m_ksiscale; 

. 

. 

. 

//Calculate material coefficients using new ksiscale parameter. 
double ksi_n  = 1.0 / sqrt(SQR(n0a.x / ksiscale[0]) + SQR(n0a.y / ksiscale[1]) + ... 

SQR(n0a.z / ksiscale[2])); 

. 

. 

. 

}//End 

F.3 FEBio XML input file 
 

%The following program lists only components of the XML input file of an individual sample enabling use of the 

%altered DataMap plugin. These alterations are sample specific based on Raman results. This data is fed into the 

%command line along with an optimization script to find the ideal material parameters for the sample. 

 

%Define xml version and control parameters. 

<?xml version="1.0" encoding="ISO-8859-1"?> 

<febio_spec version="2.5"> 

 <Module type="biphasic"/> 

 <Control> 

%Set the time steps to be a multiple of the indentation test. 

  <time_steps>18021</time_steps> 

  <step_size>0.1</step_size> 

  <max_refs>30</max_refs> 

  <max_ups>15</max_ups> 

. 

. 

.    

<max_retries>30</max_retries> 

   <opt_iter>10</opt_iter> 

  </time_stepper> 

  <symmetric_biphasic>0</symmetric_biphasic> 

 </Control> 

%Define material to be used. Two rigid bodies, and a biphasic material for the cartilage. The cartilage material is 

%based on the altered Neohookean2 material from DataMap. 

 <Material> 
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  <material id="3" name="Cartilage" type="biphasic"> 

%SVF based on wet and dry weights with the calculated volume. 

   <phi0>0.2064</phi0> 

   <fluid_density>1</fluid_density> 

   <solid type="EFD neo-Hookean2"> 

%Scaling parameters and permeability based on optimized results. Set E and ksi to be equal to unity so the scaling 

%factors are represented proportionally. 

            <Escale>0.8293512559393588</Escale> 

            <ksiscale>0.9521160943065482</ksiscale> 

    <E>1.0</E> 

    <v>0.03</v> 

    <beta>2.0,2.0,2.0</beta> 

    <ksi>1.0,1.0,1.0</ksi> 

   </solid> 

   <permeability type="perm-const-iso"> 

    <perm>0.002392949379621985</perm> 

   </permeability> 

  </material> 

 </Material> 

. 

. 

. 

%Specify loadcurves for the files after creating node and part information 

 <LoadData> 

%lc for must points. 

  <loadcurve id="1" type="linear">  

   <point>0,0</point> 

   <point>4.868,0.05</point> 

   <point>120.622,5</point> 

   <point>1802.04,50</point> 

  </loadcurve> 

%lc for indenter displacement. 

  <loadcurve id="2" type="linear">  

   <point>0,0</point> 

   <point>0.179,-0.006</point> 

   <point>0.271,-0.009</point> 

. 

. 

. 

  </loadcurve> 

%lc for surface-to-surface map of E based on normalized Raman GAG content. 

  <loadcurve id="3" type="linear">  

   <point>0,0.9469</point> 

   <point>0.2392,0.9469</point> 

   <point>0.4928,1.0</point> 

   <point>0.7464,0.7869</point> 

   <point>0.9551,0.3998</point> 

   <point>1.0,0.0891</point> 

  </loadcurve> 
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%lc for surface-to-surface map of ksi[0-1]. 

  <loadcurve id="4" type="linear">  

   <point>0,0.33</point> 

   <point>0.3,0.5</point> 

   <point>0.8,0.5</point> 

   <point>1.0,1.0</point> 

  </loadcurve> 

%lc for surface-to-surface map of ksi[2]. 

  <loadcurve id="5" type="linear">  

   <point>0,1.0</point> 

   <point>0.3,0.5</point> 

   <point>0.8,0.5</point> 

   <point>1.0,0.33</point> 

  </loadcurve> 

 </LoadData> 

 <MeshData> 

%Specify parts for surface-to-surface map application 

  <ElementData generator="surface-to-surface map" var="E" elem_set="Part10"> 

   <bottom_surface>bottom</bottom_surface> 

   <top_surface>top</top_surface> 

   <function lc="3">1</function> 

  </ElementData> 

 </MeshData> 

 <Boundary> 

 </Boundary> 

%Specify the symmetry plane and biphasic contacts 

 <Contact> 

  <contact type="sliding-elastic" name="Sym_Plane" surface_pair="Sym_Plane"> 

   <laugon>0</laugon> 

   <tolerance>0.2</tolerance> 

   <gaptol>0</gaptol> 

   <penalty>10000</penalty> 

   <auto_penalty>1</auto_penalty> 

   <two_pass>0</two_pass> 

   <search_tol>0.01</search_tol> 

   <symmetric_stiffness>0</symmetric_stiffness> 

   <search_radius>1</search_radius> 

   <seg_up>0</seg_up> 

   <tension>1</tension> 

. 

. 

. 

  </contact> 

  <contact type="sliding-biphasic" name="BiphasicContact1" surface_pair="BiphasicContact1"> 

   <laugon>0</laugon> 

   <tolerance>0.05</tolerance> 

   <gaptol>0</gaptol> 

   <ptol>0</ptol> 

   <penalty>15</penalty> 
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   <two_pass>0</two_pass> 

   <auto_penalty>1</auto_penalty> 

. 

. 

. 

  </contact> 

 </Contact> 

 

. 

. 

. 

</febio_spec> 

F.4 FEBio XML optimization file 
 

%This optimization XML file specifies the material parameters to optimize alongside the indenter reaction force 

%recorded during testing. The script finds the material parameters that create a model reaction force best matching 

%the experimental input. 

 

%Specify the optimization version and tolerances. 

<?xml version="1.0"?> 

<febio_optimize version="2.0"> 

  <Options> 

    <obj_tol>1e-6</obj_tol> 

    <f_diff_scale>1e-4</f_diff_scale> 

  </Options> 

%Specify the optimization parameter boundaries [initial estimate, lower bound, upper bound]. 

  <Parameters> 

    <param name="fem.material('Cartilage.solid').Escale">0.8, 0.1, 1.5</param> 

    <param name="fem.material('Cartilage.solid').ksiscale">0.9, 0.01, 1.5</param> 

    <param name="fem.material('Cartilage').permeability.perm">0.002, 0.0001, 0.01</param> 

  </Parameters> 

%Specify the objective type and function. 

<Objective type="data-fit"> 

    <fnc type="parameter"> 

      <param name="fem.rigidbody('Indenter').Fz"/> 

    </fnc> 

    <data> 

%Input the reaction force data for the indenter from stress-relaxation tests. 

. 

. 

. 

    </data> 

  </Objective> 

</febio_optimize> 
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