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Abstract:  Articular cartilage is hypocellular, aneural, alymphatic, and avascular. In 

diseased conditions such as osteoarthritis, there is an increase in water content from the 

average normal of 60-85% to greater than 90%. As cartilage has very little capability for 

self repair, methods of early detection of degeneration are required, and assessment of 

water could prove to be a useful diagnostic method. The most explored method for the 

assessment of water content in cartilage is MRI, but it cannot detect small changes in 

water content. Other methods such as dry/wet analysis and Karl Fischer titration are 

destructive. Infrared spectroscopy is extremely sensitive to the chemical composition and 

molecular structure of the sample. The technique of near infrared spectroscopy (NIRS) 

has been used for analyses of water in food, pharmaceuticals and skin. The hypothesis 

that NIR spectra can be used to assess water content in cartilage was investigated here. A 

model system using bovine nasal cartilage (BNC) to assess water content in hyaline 

cartilage was developed. The water content was initially determined by finding the 

integrated areas under the absorbance bands attributable to water centered at 5190 cm-1 

and 6890 cm-1, and compared to the gold standard method for water measurement, 

gravimetric analysis of wet and dry weights.. The integrated areas of the absorbance 

bands at 5190 cm-1 and 6890 cm-1 , reflective of a combination of bound plus free water, 

and free water, in the tissues, respectively, were found to correlate with the absolute 

water content of the tissue. A model system of gelatin with varying amounts of water, 

representing the primary components of cartilage, collagen and water, was also 

developed. Regression analysis and partial least square (PLS) models using data from 

BNC tissues were successfully developed, and demonstrate that NIR spectroscopy can be 

utilized to quantitatively determine water content in articular cartilage. 
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CHAPTER1: EXTENDED INTRODUCTION 

Background: 

Articular cartilage:  
Articular cartilage is a hyaline cartilage which covers the subchondral bone in a 

diarthrodial joint.  The knee, with two distinct articulating surfaces made of bones, the 

femur and the tibia, are covered with a layer of hyaline cartilage at the joint surface. 

Cartilage is a unique tissue which is aneural, alymphatic, avascular and hypocellular. The 

nutrition of articular cartilage is derived predominantly from the synovial fluid, which 

also serves to lubricate the joint [1]. The only cells present in articular cartilage are 

chondrocytes, which are essential because these cells replace degraded matrix molecules 

to maintain the correct size and mechanical properties of the tissue. They maintain the 

extracellular matrix by receiving mechanical, electrical, and physicochemical signals 

transmitted by the extracellular matrix and respond by regulating their metabolic activity 

[2]. 

The basic components of cartilage are collagen (15–25%) mainly type II collagen, 

water and macromolecules (70 –80%), proteoglycans (5–25%) and noncollagenous 

matrix proteins.  Hyaline cartilage has a white, glassy appearance. In articular cartilage, 

the collagens represent more than 50% of the organic dry weight (or 10-20% of the wet 

weight). 90% of this collagen is type II. The tensile strength of the cartilage is due to 

collagen. Figure 1 shows basic structure of proteoglycans and collagen.  
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Figure 1: Basic structure of 

 

 Proteoglycans are complex macromolecules, consisting of a core protein with 

many glycosaminoglycan (GAG) side

linked with hyaluronic acid by link protein. In hyaline cartilage the GAG chains consist 

of 90% chondroitin 6-sulphate and keratan sulphate, and less th

sulphate [3]. These molecules give cartilage its ability to undergo reversible deformation.  

Proteoglycans are responsible for compressive stiffness of the 

proteoglycans in conjunction with the collagen network provide the cartilage with its 

resilience, elasticity, shear strength, and self

contents around 60 to 80% water of its wet weight. Hydrated polysaccharides are major 

constituents of cartilage and play an important role in its water

Hyaluronic acid (HA) and chondroitin sulfate (CS) belong 

that occurs in cartilage. They represent the main source of high water binding capacity of 

cartilage. 

: Basic structure of proteoglycans (left) and collagen (right) in cartilage

are complex macromolecules, consisting of a core protein with 

many glycosaminoglycan (GAG) side-chains of varying composition and chain length, 

linked with hyaluronic acid by link protein. In hyaline cartilage the GAG chains consist 

ulphate and keratan sulphate, and less than 5% of chondroitin 4

These molecules give cartilage its ability to undergo reversible deformation.  

Proteoglycans are responsible for compressive stiffness of the cartilage 

proteoglycans in conjunction with the collagen network provide the cartilage with its 

resilience, elasticity, shear strength, and self-lubrication [3].  Normal articular cartilage 

contents around 60 to 80% water of its wet weight. Hydrated polysaccharides are major 

constituents of cartilage and play an important role in its water-binding properties. 

Hyaluronic acid (HA) and chondroitin sulfate (CS) belong to the most important GAG 

that occurs in cartilage. They represent the main source of high water binding capacity of 
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that occurs in cartilage. They represent the main source of high water binding capacity of 



 

3 | P a g e  

 

 

Figure 2: Zonal organization of cartilage 

Figure 2 shows zonal organization of articular cartilage. Articular cartilage is organized 

into four zones: Superficial zone, middle zone, deep zone and calcified zone. The zonal 

organization is of functional importance, and the size of the zones varies among joints 

and between various species. The superficial zone is the thinnest zone of articular 

cartilage. The water and collagen content is highest in superficial zone which goes on 

decreasing as you go towards deep zone where as the proteoglycan content increase as 

you approach the deep zone.  In the superficial zone, the chondrocytes are flattened and 

aligned parallel to the surface whereas in deep zone, the chondrocytes are mainly grouped 

in columns, characterized by rounded chondrocytes and the cell volume is at its lowest. 

The collagen fibers are arranged perpendicular to the articular surface and are anchored 

in a calcified matrix. A wavy, irregular line known as the tidemark separates the deep 

zone from the calcified zone. The tidemark contour is highly variable [5]. 



 

4 | P a g e  

 

Articular cartilage plays an important role in the function of the musculoskeletal 

system. It allows almost frictionless motion between the articulating surfaces of joint. 

Furthermore, articular cartilage distributes the loads of articulation over a larger contact 

area, thereby minimizing the contact stresses, and dissipates the energy associated with 

the load [6]. Water plays an important role in the function of articular cartilage. When 

normal cartilage is compressed, cartilage water takes more than 90% of the load. The 

water moves through the matrix in compressed state. The frictional drag forces are due to 

high osmolarity, interstitial pressure, and fixed charge density of the solid matrix, which 

dissipate energy. The capacity of water to dissipate energy from compressive loads 

protects the solid components of the extracellular matrix [7].  

 Osteoarthritis is the most common form of arthritis and the major reason for total 

hip and total knee replacement.  The systemic risk factor for osteoarthritis may include 

increasing age, obesity, sex-specific, ethnic characteristics, nutrition, genetic and other 

factors such as joint injury and joint deformity.  Many people with pathologic and 

radiographic evidence of osteoarthritis have no symptoms such as pain. Thus it becomes 

very difficult to detect osteoarthritis in early stages [8]. 
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Figure 3: Osteoarthritis in cartilage

The characteristic changes in cartilage during osteoarthritis are damage to collagen 

network, increased  swelling of the tissue and the loss of proteoglycan 

In diseased conditions it has been observed that the water content in the cartilage 

increases. Also the proportion of aggregated proteoglycans is less than normal and the 

monomeric proteoglycans

sulfate chains are abnormally short and heterogeneous.  It has been observed that in 

whole cartilage and in the proteoglycans extracted from osteoarthritis cartilage the 

proportion of chondroitin su

normal as reviewed by Muir et al 

for the limitation of its swelling behavior is collage

degradation of cartilage collagen by collagenase results in a s

content [11]. Type II collagen damage, result

and subsequently type II collagen content decreases. The damaged collagen network 

cannot withstand the osmotic swelling pressure of hydrophilic p

localized swelling occurs. The softening of the tissue causes chronic mechanical forces to 

accelerate and results in cartilage destruction

 

: Osteoarthritis in cartilage 

The characteristic changes in cartilage during osteoarthritis are damage to collagen 

network, increased  swelling of the tissue and the loss of proteoglycan [9, 10]

it has been observed that the water content in the cartilage 

increases. Also the proportion of aggregated proteoglycans is less than normal and the 

monomeric proteoglycans are smaller and more heterogeneous while the chondroitin 

sulfate chains are abnormally short and heterogeneous.  It has been observed that in 

whole cartilage and in the proteoglycans extracted from osteoarthritis cartilage the 

proportion of chondroitin sulfate relative to keratin sulfate is invariably higher than 

normal as reviewed by Muir et al [4]. The crucial factor for the stability of cartilage and 

he limitation of its swelling behavior is collagen; it is well known that the 

degradation of cartilage collagen by collagenase results in a strongly increased water 

Type II collagen damage, results in the unwinding of the triple helix,occurs, 

and subsequently type II collagen content decreases. The damaged collagen network 

cannot withstand the osmotic swelling pressure of hydrophilic proteoglycans, and 

localized swelling occurs. The softening of the tissue causes chronic mechanical forces to 

esults in cartilage destruction [1]. 

The characteristic changes in cartilage during osteoarthritis are damage to collagen 

[9, 10] (Figure 3). 
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Several factors may explain why cartilage demonstrates very little capability for 

cartilage repair and regeneration A review by Caplan et al.  [12].  discusses what the 

basic principles of repair are and according to that review, tissues with high cell turnover 

rates have an improved capacity to regenerate damaged tissues. Bone liver and intestine 

are capable of rapid and successful repair and regeneration. Cartilage has been reported 

as having a low turnover rate at the cellular and molecular level, and it is generally 

thought that cartilage is a tissue that is incapable of repairing itself [12]. 

Methods for Assessment of Water in Cartilage:  
Previous studies have shown that the water content in OA-affected cartilage may 

increase by around 10%. The gold standard for determining water content in cartilage is 

gravimetric methods. In this method water content in the cartilage is expressed as the 

ratio of the wet weight minus the dry weight relative to the wet weight of the specimen. 

Cartilage has some water which may be bound very tightly to the cartilage polymeric 

macromolecules; thus all water from cartilage cannot be removed by vacuum or heating. 

The water content may be determined directly using the MRI method of proton density 

weighted imaging [13] but this method is not very sensitive to the small water content 

changes observed in the early stages of OA [14]. An alternative method to determine 

water content in cartilage is treating the cartilage with organic solvents (e.g. methanol or 

DMSO). The organic solvent removes the water from the cartilage, and the water content 

within the organic solvent can be easily determined by, for example, Karl Fischer 

titration.  These methods are frequently used in pharmaceutical industry where moisture 

content is very important in order to maintain crystallite [15]. Moreover these methods 

are destructive. MRI is the most widely used clinical tool for diagnosis and treatment of 

articular cartilage disorders[16]. The superiority of MRI exists in its ability to evaluate 
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cartilage noninvasively; however, limited spatial resolution and ambiguities still surround 

the interpretation of MRI examination, making it difficult to reproducibly measure early 

cartilage changes[17].  Cartilage is very thin as well, and it has usually curved surfaces; 

thus MRI becomes less sensitive due to partial-volume averaging effects. This makes the 

detection of thin fissures, cartilage flaps, and shallow defects difficult [18].  

Near infrared (NIR) spectroscopy is another modality used to assess water 

content, and will be explained in detail later in this section.  NIR spectroscopy is utilized 

frequently for water assessment in the food industry [19].  As an example, Sławomir 

Bakier et al. used near-infrared spectroscopy to characterize the changes occurring in 

water in honey under the influence of crystallization process. [20]. The surface area under 

the peak obtained during absorption by water was in the frequency range of  5330  - 4965 

cm-1 with the maximum at 5155 cm-1. In this article they found out that the area under the 

peak was directly related to water activity changes that occurred in honey during the 

crystallization process. The presence of crystallization or adsorbed water in pure 

substances and pharmaceutical preparations causes changes in substance properties 

during storage. NIR spectroscopy can become an effective alternative to traditional 

analytical methods such as gravimetric and Karl– Fischer (KF) titration. NIR has been 

used along with Karl-Fischer titration to determine moisture content in the 

pharmaceutical industry [21, 22]. The water gives a characteristic NIR absorption 

spectrum thus only visual inspection of which allows one to determine the water content 

in a substance [23]. There has also been considerable interest in skin hydration in the 

fields of dermatology and cosmetics because the water content in the skin is an important 

physiological parameter indicating skin condition [24]. NIR has proved to be an 
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important analytical tool to assess water content in skin and other biological tissues, such 

as prostate tissue. Ali et al. differentiated cancerous and normal prostate tissues using 

NIR spectroscopy. They observed both the 5190 cm-1and 6890 cm-1 NIR absorbances 

from normal and cancerous tissues and concluded that cancerous tissue has less amount 

of water than normal tissue  [25].  
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CHAPTER 2: BASICS OF INFRARED

Fundamentals of Infrared 

Infrared spectroscopy

the chemical composition and molecular structure 

monitor metabolic processes in tissue and cells

frequently used in biomedical applications

 The Electromagnetic spectrum: 

Figure 4: The Electromagnetic Spectrum

The electromagnetic spectrum is divided into different types of waves such as 

radio, microwave, infrared, visible, ultraviolet, x

lies between visible waves and

(750 nm) (Figure 4). 

CHAPTER 2: BASICS OF INFRARED SPECTROSCOPY 

Fundamentals of Infrared Spectroscopy: 

Infrared spectroscopy (IR) is a non-destructive method, is extremely sensitive to 

chemical composition and molecular structure of the sample, and has been used to 

monitor metabolic processes in tissue and cells [26, 27].  This method

frequently used in biomedical applications [28]. 

Electromagnetic spectrum:  

: The Electromagnetic Spectrum 

The electromagnetic spectrum is divided into different types of waves such as 

radio, microwave, infrared, visible, ultraviolet, x-ray and gamma ray. The infrared region 

lies between visible waves and microwave in the range of 300 GHz (1 mm) to 400 THz 

destructive method, is extremely sensitive to 

and has been used to 

.  This method has been 

 

The electromagnetic spectrum is divided into different types of waves such as 

ray and gamma ray. The infrared region 

mm) to 400 THz 
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The infrared portion of the electromagnetic spectrum can be

three regions; far infrared (in the wavenumber range 400

(in the wavenumber range 4000

range 14285-4000 cm-1). 

 Above absolute zero temperature molecules vibrate with respect to each other.

necessary condition for infrared absorption is presence of chemical bond

dipole movement. Vibrations of groups in molecules affect the electromagnetic radiation. 

In IR absorption, the molecule absorbs light of a given frequency

to their functional group. 

[29]: 

1. Bending: 

The bending vibration occurs when the bond angle between two atoms or movement of a 

group of atoms might change, relative to the remainder of the molecule. 

vibration can be further classified as rocking, scissoring, wagging and twisting. These

types are graphically represented in the following figure

Figure 5: Schematic representation of types of bending

The infrared portion of the electromagnetic spectrum can be further

far infrared (in the wavenumber range 400-100 cm-1), mid infrared region 

wavenumber range 4000-400 cm-1), and the near infrared (in the wavenumber 

 

Above absolute zero temperature molecules vibrate with respect to each other.

necessary condition for infrared absorption is presence of chemical bond

Vibrations of groups in molecules affect the electromagnetic radiation. 

In IR absorption, the molecule absorbs light of a given frequency which is characteristic 

 There are two basic modes of vibrations, bending and stretching

The bending vibration occurs when the bond angle between two atoms or movement of a 

group of atoms might change, relative to the remainder of the molecule. 

vibration can be further classified as rocking, scissoring, wagging and twisting. These

types are graphically represented in the following figure 5. 

 

: Schematic representation of types of bending vibrations in molecules

further divided into 

), mid infrared region 

), and the near infrared (in the wavenumber 

Above absolute zero temperature molecules vibrate with respect to each other. The 

necessary condition for infrared absorption is presence of chemical bonds and change in 

Vibrations of groups in molecules affect the electromagnetic radiation. 

which is characteristic 

, bending and stretching 

The bending vibration occurs when the bond angle between two atoms or movement of a 

group of atoms might change, relative to the remainder of the molecule. This mode of 

vibration can be further classified as rocking, scissoring, wagging and twisting. These 

in molecules 
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2. Stretching : 

Stretching can be defined as the movement of molecules along axis. 

mode of vibration can be further classified as symmetric stretch and 

asymmetric stretch. These types are graphically represented in the following 

figure 6. 

Figure 6: Schematic representation of types of stretching

The plot of measured infrared radiation transmittance or absorbance versus the frequency 

(typically in wavenumbers, cm

The absorbance of molecular vibrations can be measured as a peak 

and calculated from the infrared spectrum.

The Beer Lambert Law:

The Beer Lambert Law states that absorbance is proportional to the concentration (c) of 

the absorbing molecules, the length of light

extinction coefficient:   

A = εcl    

 Where: A= absorbance 

 ε = molar extinction coef

(mol x cm)   

Stretching can be defined as the movement of molecules along axis. 

mode of vibration can be further classified as symmetric stretch and 

asymmetric stretch. These types are graphically represented in the following 

 

: Schematic representation of types of stretching vibrations in molecules

The plot of measured infrared radiation transmittance or absorbance versus the frequency 

(typically in wavenumbers, cm-1 or in wavelength, nm) is known as an infrared spectrum. 

The absorbance of molecular vibrations can be measured as a peak height or peak area 

and calculated from the infrared spectrum. 

The Beer Lambert Law: 

The Beer Lambert Law states that absorbance is proportional to the concentration (c) of 

the absorbing molecules, the length of light-path through the medium and the molar 

 = molar extinction coefficient for the absorbing material at wavelength

Stretching can be defined as the movement of molecules along axis. This 

mode of vibration can be further classified as symmetric stretch and 

asymmetric stretch. These types are graphically represented in the following 

in molecules 

The plot of measured infrared radiation transmittance or absorbance versus the frequency 

or in wavelength, nm) is known as an infrared spectrum. 

height or peak area 

The Beer Lambert Law states that absorbance is proportional to the concentration (c) of 

path through the medium and the molar 

at wavelength in units of 1/ 
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c = concentration of the absorbing solution (molar)   

l = light path in the absorbing material (l=1 cm for our purposes)   

The relation between absorbance and transmittance: 

A = -log10 (IT/Io)………………. (1) 

Where: 

IT: the monochromatic radiant power transmitted by the absorbing medium 

Io:  the monochromatic radiant power incident on the medium 

 From the above equation we can say that, if we have a peak to peak absorbance of 3 that 

means 

 3= -log10 (IT/Io)……………….. (2) 

log10 (IT/Io) =-3………. (3) 

(IT/Io)= 10-3 ……………… (4) 

From equation 4 we can say that the amount of transmitted radiation is only a fraction of 

the incident radiation when the absorbance is 3, e.g. only 10-3 of the incident photons, are 

reaching the detector. Thus the absorbance values above 2.5 or 3 are typically viewed as 

being off-scale, as there are not enough photons detected to accurately represent the 

sample composition. 



 

13 | P a g e  

 

                                                

 

MIR and NIR Spectroscopy:

 

 

Figure 7: Primary absorbances from cartilage in mid infrared region

 Fig .7 shows a mid infrared spectrum of bovine cartilage showing absorbance bands for 

vibrations of collagen amide bonds (Amide I, Amide II, 

groups, and proteoglycan sugar ring absorbance (PG). It was found that the integra

area of the amide I absorbance (1590

and the ratio of the integrated area of the PG sugar ring C

to the amide I absorbance area correlated to the quantity of PG

of PG was further valida

assessment of glycosaminoglycan (GAG) content correlated with the FT

spectral parameter [32].  

                                                                                                                                                       

MIR and NIR Spectroscopy: 

  

: Primary absorbances from cartilage in mid infrared region 

Fig .7 shows a mid infrared spectrum of bovine cartilage showing absorbance bands for 

vibrations of collagen amide bonds (Amide I, Amide II, and Amide III), amide side chain 

groups, and proteoglycan sugar ring absorbance (PG). It was found that the integra

of the amide I absorbance (1590– 1720 cm−1) correlated with collagen concentration, 

and the ratio of the integrated area of the PG sugar ring C-O absorbance (985

to the amide I absorbance area correlated to the quantity of PG[30, 31].The quantification 

of PG was further validated in studies of tissue-engineered cartilage where biochemical 

assessment of glycosaminoglycan (GAG) content correlated with the FT

 

                                                                                                        

Fig .7 shows a mid infrared spectrum of bovine cartilage showing absorbance bands for 

III), amide side chain 

groups, and proteoglycan sugar ring absorbance (PG). It was found that the integrated 

) correlated with collagen concentration, 

O absorbance (985–1140 cm−1) 

The quantification 

engineered cartilage where biochemical 

assessment of glycosaminoglycan (GAG) content correlated with the FT-IR-derived 
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Advantages and disadvantages of Infrared spectroscopy: 

A significant drawback to the use of mid-IR (~400 – 4000 cm-1) is that the maximum 

penetration is limited to ~ 10 microns, so that its use is restricted to surface evaluation or 

assessment of thin sections. This renders the technique insensitive to the matrix 

composition of the bulk of the engineered cartilage, unless the tissue is physically 

sectioned. In contrast, NIR radiation penetrates to a much greater depth, and therefore has 

the potential to probe matrix composition throughout the depth of the construct. 

However, the intensity of absorbances from MIR spectroscopic data are greater than from 

NIR spectroscopic data. This arises from the fact that the absorbances in MIR are from 

the fundamental vibrations of molecules, whereas the absorbance bands seen in the NIR 

region are overtone (integral multiples of the fundamental absorption frequencies) and 

combination bands of the mid-IR fundamental vibrations of C-H, C-O, O-H and N-H 

bonds (Figure 8).  Further the spectra from MIR studies are generally well understood, 

and the technique is used more often than NIR spectroscopy to evaluate connective 

tissues. 
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Figure 8: Assignments of peak position

However, there are many situations where it is more appropriate to use NIR 

spectroscopy, as compared to MIR spectroscopy. For sampling of full thickness samples 

where sampling time is important, NIR fiber optic probe spectroscopy is fast, with high 

signal–to noise data typically collected in less than 30 seconds. There are two primary 

limitations in the use of NIR radiation. First, NIR spectral data generally requires the use 

of sophisticated data processing techniques for spectral analysis as the absorbanc

from combinations of multiple vibrations. The second limitation in the use of NIR 

radiation is the amount of scattering that occurs when the radiation propagates through 

tissue [33]. Therefore, development of

invasive assessments typically requires extensive evaluation of

scattering properties in variou

processing techniques as well 

Assignments of peak positions in the near infrared spectrum 

However, there are many situations where it is more appropriate to use NIR 

spectroscopy, as compared to MIR spectroscopy. For sampling of full thickness samples 

where sampling time is important, NIR fiber optic probe spectroscopy is fast, with high 

to noise data typically collected in less than 30 seconds. There are two primary 

limitations in the use of NIR radiation. First, NIR spectral data generally requires the use 

of sophisticated data processing techniques for spectral analysis as the absorbanc

from combinations of multiple vibrations. The second limitation in the use of NIR 

radiation is the amount of scattering that occurs when the radiation propagates through 

Therefore, development of NIR imaging methods for transcutaneous 

invasive assessments typically requires extensive evaluation of tissue absorbance and 

scattering properties in various disease states [34-37]. This can be overcome using data 

processing techniques as well [38].   

 

However, there are many situations where it is more appropriate to use NIR 

spectroscopy, as compared to MIR spectroscopy. For sampling of full thickness samples 

where sampling time is important, NIR fiber optic probe spectroscopy is fast, with high 

to noise data typically collected in less than 30 seconds. There are two primary 

limitations in the use of NIR radiation. First, NIR spectral data generally requires the use 

of sophisticated data processing techniques for spectral analysis as the absorbances arise 

from combinations of multiple vibrations. The second limitation in the use of NIR 

radiation is the amount of scattering that occurs when the radiation propagates through 

transcutaneous non-

tissue absorbance and 

overcome using data 
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Near infrared spectroscopy in general, has advantages over traditional chemical 

methods. NIR spectroscopy is non-destructive and can be a non-invasive method 

requiring no sample preparation. Another advantage is it does not require any reagents 

and produces no waste products. Simultaneous measurement of several parameters is 

possible as one spectrum can give information about various components.  It is a fast 

method, and the spectrometers are not complicated to operate. The biggest disadvantage 

is the complex and time consuming data processing.  

Water in the NIR region: 

NIR has been used to determine moisture content since its inception. There are 

two dominant water peaks in the NIR region, centered at 5190 cm-1 and 6890 cm-1, which 

arise from first overtone of the OH-stretching band (2ν1,3)  and combination of the OH-

stretching band and the O-H bending band (2ν1,3+ν2) ,respectively [39]. The notation 

using ν  represents frequency of vibration. For water ν1,3 is MIR band 3300 cm-1 and ν2 

 is MIR band 1640 cm-1 [40]. Figure 9 shows a typical NIR spectrum of bovine nasal 

cartilage where the water peaks dominate the spectrum. 
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Figure 9: There are two dominant water peaks in the NIR spectrum of bovine nasal 

cartilage, centered at 5190cm

With respect to use of NIR spectroscopy to assess cartilage, there have been limited 

studies. One recent NIR study reported a preliminary evaluation of joint synovium 

and two others report assessment of cartilage defects , but with no spectra

correlations or quantitation of water content

spectroscopic component, and therefore with no molecular information available, has 

been used to visualize bone and joint morphology

has correlated water content using the 5190 cm

composition, but has not evaluated whether spectroscopic assess

to the gold standard, gravimetric water determination

 

 

4500 cm
-1

There are two dominant water peaks in the NIR spectrum of bovine nasal 

cartilage, centered at 5190cm-1 and 6890 cm-1. A matrix peak is also present

With respect to use of NIR spectroscopy to assess cartilage, there have been limited 

studies. One recent NIR study reported a preliminary evaluation of joint synovium 

and two others report assessment of cartilage defects , but with no spectra

or quantitation of water content [42, 43]. NIR imaging, without a 

spectroscopic component, and therefore with no molecular information available, has 

been used to visualize bone and joint morphology[44, 45]. In a previous study, our group 

has correlated water content using the 5190 cm-1 band in engineered cartilage to matrix 

composition, but has not evaluated whether spectroscopic assessment of water correlates 

to the gold standard, gravimetric water determination [46].  

6890 cm
-1

 

5190 cm
-1

 

1
 

 

There are two dominant water peaks in the NIR spectrum of bovine nasal 

. A matrix peak is also present at 4500 cm-1. 

With respect to use of NIR spectroscopy to assess cartilage, there have been limited 

studies. One recent NIR study reported a preliminary evaluation of joint synovium [41] 

and two others report assessment of cartilage defects , but with no spectra-structure 

. NIR imaging, without a 

spectroscopic component, and therefore with no molecular information available, has 

In a previous study, our group 

band in engineered cartilage to matrix 

ment of water correlates 
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CHAPTER 3: MULTIVARIATE DATA ANALYSIS 

There are several approaches for analysis of NIR data. The data analysis method which 

deals with only one variable at a time is called univariate analysis. In real life situations, 

things often depend on several variables and thus need complex data analysis. We can 

define multivariate analysis as a statistical analysis method which deals with more than 

one variable.  Multivariate analysis can be used to classify and explore given data sets 

and for building regression and prediction models. Several multivariate analysis methods 

such as principle component analysis (PCA), partial least squared regression (PLS) and 

Multiple linear regression (MLR) are used to model spectroscopic data [47]. 

Multiple linear regression is the oldest multivariate method. In this method an 

equation is formed that describes how independent variables contribute to dependent 

variables. This equation can then be utilized to predict unknown dependent variables. 

The outcomes for MLR are the equation describes the how the dependent variables 

contribute to the independent variable, the R2 of the predicted vs. true values, and the 

RMSE of the equation.   To assess how well the MLR describes the predicted data, we 

look to minimize thet RMSE values as the main criteria over maximizing R2 values, 

because the RMSE values are always represented in the same unit that of the given data 

and it does not inflate as we add more dat.  R2 values tend to inflate as we add more data, 

and may not indicate how good a model is.MLR fails when there is: 

• Multicolinearity present in independent variables, 

• Noise and interference between variables  

• More than one dependant variable present 
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PCA (principal component analysis):  
 

 The main function of principal component analysis is to decompose a given data set into 

a structural part and noise part. PCA detects patterns, groupings, trends and clustering in 

the given data set. It also explains which variables describe the differences between given 

samples as well as which variables are correlated in same way. PCA transfers the given 

data set into a more relevant coordinate (system of principal components) system and it 

also reduces the number of variables required to define the model (variable reduction 

which is one of the most important function of multivariate analysis). 

Principal components are defined as the directions of maximum variance. The 1st 

principal component carries most of the variation in the given data set. The 2nd principal 

component typically explains most of the information from the rest of the data set which 

is not explained by 1st principal component and so on. Usually only a few principal 

components are important as they the carry maximum information about the data and the 

rest can be considered as noise. The optimal number of principal components must be 

selected and the procedure for selection of the optimal number of components, or factors, 

is described in the section below.  

PLS (partial least square regression): 

PLS regression is a technique that generalizes and combines feature from 

principal component analysis and multiple regression. It is particularly useful when we 

need to predict a set of dependent variables from a (very) large set of independent 

variables (i.e., predictors). As any regression method does, PLS analysis helps to model 
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and analyze several variables with the purpose of building a relationship between two 

groups of variables, namely the independent and dependent variables.   

Difference between MLR, PCA, and PLS:   

The primary difference between PCA and PLS is that PCA only explains variance in 

measured spectra, while PLS constructs variables to explain co-variance between the 

spectra and the predicted information. PLS addresses the multicolinearity problem by 

computing latent vectors (factors) which explain both the independent variables and the 

dependant variables. Unlike MLR, several dependant variables can be modeled together. 

There is no limit for independent variables as well. 

How does PLS work? 

In the PLS method the regressions are computed with least squares algorithms. 

The goal of the PLS is to establish a linear link between two matrices, the spectral data X 

and the reference values Y. This technique involves modeling both X and Y, in order to 

obtain the variables in the X matrix that will best describe the Y matrix. 

How to interpret PLS results? 

1. PLS factors: PLS factors are the latent variables similar to principle 

components. PLS simultaneously model the X-Y matrix to find out latent 

variables in X which will minimize error in latent variables in Y. PLS factors 

are the directions of maximum variance in the given data set. The set of 

factors are dependent on the data set being modeled. 

2. R2: Statistical measure of how well a regression line approximates real data 

points; an r-squared of 1.0 (100%) indicates a perfect fit. 
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3. Root mean square error (RMSE): Root mean square error (RMSE) is a 

frequently-used measure of the differences between values predicted by a 

model or an estimator and the values actually observed from the thing being 

modeled or estimated. 

4. Number of Factors:  It is very important to use the optimum number of 

factors while constructing a PLS model. If we use very few factors, they may 

not represent total variation in the given data set. On the other hand if we use 

too many factors to construct a PLS model, that may lead to a complex model 

that is an over-fitted model. An over-fitted model can be defined as a model 

which describes noise or error instead of variation in the given data set. It may 

model the variation in the given data set but its performance as a predictor 

from external data set will be poor. Now the question is how to choose the 

optimal number of factors? There are some guidelines to decide the optimal 

number of factors which are discussed as following:  

The first aim of regression is to minimize prediction error. This prediction 

error can be defined as the difference between the predicted values and the 

actual values. In PLS when prediction variance is at its lowest then the 

predictions are good. From the RMSE vs. number of factors graph we can 

conclude that if addition of factor is increasing RMSE, or not decreasing 

RMSE, then that factor is not necessary.  The optimal number of factors can 

also be determined from residual variance graph and the explained variance 

graph. Here also, with addition of number of factors those are important for 

the model, the residual variance decreases and explained variance increases. 
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From the given figures we can see that using greater than the optimal number 

of factors will result in an increase in residual variance because of over- 

fitting. Another indication of an over-fitted model (use of too many factors) is 

a dropping off in calibration variance but increase in the validation variance. 

 

  

Figure 10: Determination of optimal number of factors [47] 

5. PLS scores: PLS score plot is also called a “map of samples”. This plot is 

plotted between the specified factors, with, e.g., Factor 1 on the X axis and 

Factor 2 on the Y axis. The objects which are plotted are observations, 

experiments or samples.  Each observation has a score on each factor. Score is 

the sample location along given factor and co-ordinate of that sample. The 

score plot shows how well the data is distributed. By studying this plot we can 

find out the groupings, patterns and clustering within the samples. The score 

plot between Factor 1 and Factor 2 are more important because they represent 

the most variation in the given data set as compared to rest of the factors.  

Score plots are also important in determination of outliers as these plots show 

similarities and differences between the samples. The variables which are in 
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diagonally opposite quadrant are negatively correlated where as the variables 

plotted very close to each other are positively correlated. The following figure 

11 shows a typical score p

Figure 11: Typical PLS Scores plot

PLS Loadings:  The PLS loadings plot is also called as “map of variables”. 

two types of loadings in PLS; P

variables contribute to specific model component.

relationship between y-variables and t

loadings and Y-loadings.

spectroscopic data. This plot should be used with 

why samples are grouped and which variables are causing this grouping. By studying this 

plot we can figure out which independent 

factors are important. This plot is also important in determination of correlation between 

variables.  

diagonally opposite quadrant are negatively correlated where as the variables 

plotted very close to each other are positively correlated. The following figure 

11 shows a typical score plot from PLS analysis: 

 

: Typical PLS Scores plot[47] 

The PLS loadings plot is also called as “map of variables”. 

oadings in PLS; P-loadings and Q-loadings. P-loadings

variables contribute to specific model component. Similarly Q-loadings 

variables and t-scores. PLS loadings can also be plotted as X

loadings. X-loadings are important if the x matrix is buil

This plot should be used with the corresponding score plot to study 

why samples are grouped and which variables are causing this grouping. By studying this 

plot we can figure out which independent variables that correspond to the

factors are important. This plot is also important in determination of correlation between 

diagonally opposite quadrant are negatively correlated where as the variables 

plotted very close to each other are positively correlated. The following figure 

The PLS loadings plot is also called as “map of variables”.  There are 

loadings explain how x-

loadings explain the 

PLS loadings can also be plotted as X-

loadings are important if the x matrix is built with 

corresponding score plot to study 

why samples are grouped and which variables are causing this grouping. By studying this 

that correspond to the different 

factors are important. This plot is also important in determination of correlation between 
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Figure 12: Typical PLS Loadings plot

6. Explained variance:

explains the variation in given dataset. 

components vs. Y

much variation in given data set is described by each principal component. 

Calibration variance is based on fitting the calibration data to the model. 

Validation variance is computed by testing the model on data that were not 

used to build the model. If the two variances differ significantly

other that means the model is not representing the given data set. On the other 

hand if they do not differ much

the given model (see Figure 13). The explained variance should be large 

(ideally 100%) and the residual variance should be small (ideally 0%) to 

explain most of the variation in the given data set. Explained vari

residual variance are important to decide how many factors are required to 

build a model from given data set. (Explained in no. of factors).  The 

following figure shows typical explained variance from PLS results.

 

: Typical PLS Loadings plot[47] 

Explained variance: Explained variance can describe how well the model 

explains the variation in given dataset. This plot is plotted between principal 

components vs. Y-variance. From the explained variance plot we can see how 

much variation in given data set is described by each principal component. 

Calibration variance is based on fitting the calibration data to the model. 

variance is computed by testing the model on data that were not 

used to build the model. If the two variances differ significantly

that means the model is not representing the given data set. On the other 

hand if they do not differ much with respect to each other then they represent 

the given model (see Figure 13). The explained variance should be large 

(ideally 100%) and the residual variance should be small (ideally 0%) to 

explain most of the variation in the given data set. Explained vari

residual variance are important to decide how many factors are required to 

build a model from given data set. (Explained in no. of factors).  The 

following figure shows typical explained variance from PLS results.

Explained variance can describe how well the model 

between principal 

From the explained variance plot we can see how 

much variation in given data set is described by each principal component. 

Calibration variance is based on fitting the calibration data to the model. 

variance is computed by testing the model on data that were not 

used to build the model. If the two variances differ significantly from each 

that means the model is not representing the given data set. On the other 

then they represent 

the given model (see Figure 13). The explained variance should be large 

(ideally 100%) and the residual variance should be small (ideally 0%) to 

explain most of the variation in the given data set. Explained variance and 

residual variance are important to decide how many factors are required to 

build a model from given data set. (Explained in no. of factors).  The 

following figure shows typical explained variance from PLS results. 
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Figure 13: Typical PLS Explained variance plot

7. Predicted vs. Meas

regression model. If the model gives a good fit, the plot will show points close 

to a straight line through the origin and with slope equal to 1. From this plot 

we can get R2

and bad fit. This plot can also be used for outlier detection. The samples 

which are away from the regression line are potential outliers.

Figure 14: Bad fit model (left) and g

8. Outlier detection

They may due to error from the instrument or may represent a significant 

phenomenon. Given that, if we remove 

representative of the real world. The first step 

 

: Typical PLS Explained variance plot[47] 

Predicted vs. Measured: This is a good way to check the quality of the 

regression model. If the model gives a good fit, the plot will show points close 

to a straight line through the origin and with slope equal to 1. From this plot 

2, RMSE, slope and offset.  Figure shows examples of a good fit 

and bad fit. This plot can also be used for outlier detection. The samples 

which are away from the regression line are potential outliers.

: Bad fit model (left) and good fit model (right)[47] 

Outlier detection:  The outliers are very important entities in the PLS model. 

They may due to error from the instrument or may represent a significant 

phenomenon. Given that, if we remove those outliers the model may not be a 

representative of the real world. The first step in outlier detection is to go back 

This is a good way to check the quality of the 

regression model. If the model gives a good fit, the plot will show points close 

to a straight line through the origin and with slope equal to 1. From this plot 

Figure shows examples of a good fit 

and bad fit. This plot can also be used for outlier detection. The samples 

which are away from the regression line are potential outliers. 

 

The outliers are very important entities in the PLS model. 

They may due to error from the instrument or may represent a significant 

outliers the model may not be a 

in outlier detection is to go back 
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to our data and double check if that entry is an instrumental error or real 

outlier. Removal of outliers is also important because if we don’t remove 

them from our model then the model could be a false model. In PLS analy

there are certain tools which can help us in determining the outliers. Here in 

this review we will discuss these tools:

• Scores plot:  

important part in outlier detection. By observing the

that if any sample/samples is/are left out from other samples, or in other words 

not part of the groups.  These samples are the potential candidate for outlier. 

The following figures 15, 16, 17 illustrate the outlier

Figure 15: Outlier detection from scores plot

• X-Y relation outliers plot (t vs. u scores)

to our data and double check if that entry is an instrumental error or real 

outlier. Removal of outliers is also important because if we don’t remove 

them from our model then the model could be a false model. In PLS analy

there are certain tools which can help us in determining the outliers. Here in 

this review we will discuss these tools: 

:  As discussed previously in PLS score plot, this plot plays an 

important part in outlier detection. By observing the score plot one can see 

that if any sample/samples is/are left out from other samples, or in other words 

not part of the groups.  These samples are the potential candidate for outlier. 

The following figures 15, 16, 17 illustrate the outlier concept.

 

: Outlier detection from scores plot[47] 

Y relation outliers plot (t vs. u scores) 

to our data and double check if that entry is an instrumental error or real 

outlier. Removal of outliers is also important because if we don’t remove 

them from our model then the model could be a false model. In PLS analysis, 

there are certain tools which can help us in determining the outliers. Here in 

As discussed previously in PLS score plot, this plot plays an 

score plot one can see 

that if any sample/samples is/are left out from other samples, or in other words 

not part of the groups.  These samples are the potential candidate for outlier. 

. 
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Figure 16: Outlier detection from X

• Influence plot (X

Figure 17: Outlier detection from Influence 

The influence plot is plotted between leverage and residua

most important tool in detecting the outliers. Samples with high residual variance are 

likely candidates for outliers and samples with large leverage are most influential 

samples. Leverage is defined as

effect of that sample on the model. Leverage always has value between 0 and 1.

leverage means high influence on the model and the sample will be far from the model 

 

: Outlier detection from X-Y relation outlier plot[47] 

Influence plot (X-residual variance vs. leverage) 

 

: Outlier detection from Influence plot, Residual Variance vs Leverage

The influence plot is plotted between leverage and residual X-variance. This plot is the 

most important tool in detecting the outliers. Samples with high residual variance are 

likely candidates for outliers and samples with large leverage are most influential 

Leverage is defined as a sample’s distance from the model center.

effect of that sample on the model. Leverage always has value between 0 and 1.

leverage means high influence on the model and the sample will be far from the model 

Leverage[47] 

variance. This plot is the 

most important tool in detecting the outliers. Samples with high residual variance are 

likely candidates for outliers and samples with large leverage are most influential 

om the model center. It explains the 

effect of that sample on the model. Leverage always has value between 0 and 1. Large 

leverage means high influence on the model and the sample will be far from the model 
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center where-as a sample with 

large leverage and large residual variance is a

Hotelling T2 Ellipse:  This is another important tool to detect outliers. The Hotelling T

ellipse is a 95% confidence limit. The samples which li

outliers. This plot along together with the influence plot can be used to detect outliers. 

Figure 18: Schematic representation of Hotelling T

 

 

 

 

 

 

as a sample with small leverage lies near the model center

large leverage and large residual variance is almost always an outlier. 

:  This is another important tool to detect outliers. The Hotelling T

ellipse is a 95% confidence limit. The samples which lie outside of this limit are potential 

outliers. This plot along together with the influence plot can be used to detect outliers. 

 

: Schematic representation of Hotelling T2[47] 

near the model center. A sample with 

:  This is another important tool to detect outliers. The Hotelling T2 

e outside of this limit are potential 

outliers. This plot along together with the influence plot can be used to detect outliers.  
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CHAPTER 4: MANUSCRIPT 

Introduction:  

Articular cartilage is a hyaline cartilage that covers the subchondral bone in a diarthrodial 

joint. The basic molecular components of cartilage are type II collagen (15–25%) water   

(70 –80%), proteoglycans (5–25%) and a small percentage of noncollagenous matrix 

proteins[1]. The composition of articular cartilage varies throughout the depth, with water 

content being greatest at the surface and lower in the deeper zones[5]. 

Osteoarthritis (OA) is a progressively disabling musculoskeletal disease characterized by 

degeneration of articular cartilage. Approximately 12% of the United States population 

25 to 74 years of age has been estimated to have the disease [48], with prevalence 

directly correlated to age. In diseased conditions such as OA there is an increase in water 

content from the average normal of 60-85% to greater than 90%. It is thought that this 

increase is attributable to a denatured collagen network leading to decreased proteoglycan 

content. [49-51]. As cartilage has very little capability for self repair due to low turnover 

rate of the cells [12] and its avascular nature, methods of early detection of degeneration 

are required. 

Several recent studies have investigated methods to improve detection of OA, based on 

changes in water, matrix or mechanical properties. Duda et al described a novel medical 

device to detect early osteoarthritis based on assessment of the mechanical stiffness of 

cartilage[52] , while Li et al proposed the use of an infrared fiber optic probe to assess 

matrix changes in degenerative cartilage[53]. There have been several magnetic 

resonance imaging (MRI) studies that evaluated degenerative cartilage based on changes 
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in matrix and water content. The MRI parameter transverse relaxation time T2 is 

associated with the water [13, 16, 54], but it is not sensitive to small changes in water 

content. Further, the fact that articular cartilage is very thin and has curved surfaces 

contributes to the insensitivity of MRI analyses due to partial-volume averaging effects. 

This makes the detection of thin fissures, cartilage flaps, and shallow defects difficult 

[18].  MRI studies have also had limited success in  quantitation of biochemical changes 

in earlier stages of osteoarthritis [14].   

The evaluation of water content changes in cartilage could be a useful strategy in early 

detection of OA, but clearly requires a non-or minimally invasive modality. Gold 

standard methods for water detection are destructive, including gravimetric analysis[55] 

and Karl Fischer titration, a method commonly used in the pharmaceutical industry [56].  

Earlier and recent studies have utilized near infrared (NIR) spectroscopy, a technique that 

can be utilized in either a non or minimally invasive mode, for analysis of water in food , 

pharmaceuticals[19, 23] and skin[57].  The NIR spectrum consist of overtones and 

combination bands of the fundamental molecular vibrations found in the mid-infrared 

region and the spectrum of the water contribution has been very well characterized in 

many materials.  

There are two dominant water peaks in NIR region, centered at 5190 cm-1 (1940 nm) and 

6890 cm-1(1450 nm), respectively, which arise from the first overtone of the OH-

stretching band (2ν1,3 (overtone of MIR band 3300 cm-1))  and the combination of the OH-

stretching band and the O-H bending band (2ν1,3+ν2(combination of MIR band 3300 cm-1 

and 1640 cm-1)), respectively[39, 40].  Water occures in different bound states in most 

materials and tissues, but for simplicity can be generally characterized as free or bound 
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water.  Free water is comprised of water in the liquid or gaseous state present in large 

cavities or  pores in solid material, whereas bound water is the water covalently bound to 

proteins or other molecules. Prior studies have attributed the 6890 cm-1 absorbance to free 

water, and the 5190 cm-1   absorbance to bound water [39]. In the food industry the 

assessments of water have been based primarily on the 6890 cm-1 absorbance [58] while 

for analysis of skin and hair [57] the NIR water absorbance centered at 5190 cm-1 has 

been frequently utilized. For water content determination in nails, the NIR absorbance 

band 6890 cm-1 was used [59].  

The first NIR study of cartilage or articular joints reported a preliminary evaluation of 

joint synovium [41] . In the more recent literature, there have been reports of assessment 

of cartilage defects using a NIR probe by Spahn et al. In this study the ratio of the NIR 

absorbance band at 1425 nm (free water absorbance) to the 1175 nm absorbance ( a 

matrix absorbance) was considered as indictor of water content. The reference method for 

water content determination was Karl-Fischer titration [42, 43], but there was no direct 

correlation of NIR water absorbance band and water content. In a recent study from our 

group, water content in engineered cartilage, based on the 5190 cm-1 absorbance band, 

was correlated to matrix composition [46].  However, to date, NIR spectroscopic 

assessment of water in cartilage has not been shown to correlate to the gold standard, 

gravimetric water determination, and therefore quantitative data on changes in water 

content have not been obtained.  

In the current study, we hypothesized that NIR spectroscopy can be used to quantitatively 

assess water content in hyaline cartilage, providing further support for the use of this 

modality for assessment of early OA.  To test this hypothesis, we investigated two model 
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systems, mixtures of gelatin and water (to model the primary components of cartilage, 

collagen and water), and bovine nasal cartilage (BNC) tissue, a hyaline cartilage that is 

more homogeneous than articular cartilage.   The three aims of the study were to validate 

the assignments of “free” and “bound” water to the 6890 cm-1  and 5190 cm-1 absorbances, 

respectively, to evaluate whether the NIR spectral bands that arise from water do indeed 

correlate to the water content in these materials, and to assess whether a gelatin model 

system was useful in predicting water content in cartilage.  Two different approaches were used 

for data analysis: Simple integrations of the areas of the water absorbance bands coupled with 

regression analysis for correlation to gravimetric measurements,  and partial least square (PLS) 

analysis using the full spectral range. 

 Materials & methods: 

Bovine nasal cartilage (BNC) tissues:  
 

Bovine nasal cartilage was collected from freshly slaughtered older (2 -3 years, n=2)) and 

younger  (2 -3 months, n = 2))) animals (JBS, Souderton PA). Different ages were 

chosen so that the water content in the cartilage would vary over the physiological range 

of interest [60]. The tissues were stored in phosphate buffered saline (10X, pH 7.4, 

Invitrogen, Carlsbad, CA) and Protease Inhibitor (Sigma Aldrich,St. Louis, MO ) at -

18°C until use.  The tissues were allowed to come to room temperature before analysis.  

Plugs of 6 mm diameter were obtained with a biopsy punch, sliced to 1 mm thickness, 

weighed immediately (wet weight) and then after lyophylizing (Labconco, Kansas City, 

MO) for 20 hours at -50°C in vacuum (dry weight).  For each 1 mm thick sample, 16 

spectra were collected (details below). In addition,  a subset of the younger samples were 
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allowed to air dry during the spectral data collection process for assessment of free and 

bound water, as described in detail below. 

Gelatin Mixtures:   
Gelatin and water mixtures were prepared by varying water content from 60-80%. These 

components and proportions were chosen as gelatin represents the primary matrix 

component of cartilage, collagen, and the water content in cartilage normally varies from 

60-80%.  By the time the water content rises to 90% in cartilage, late stages of 

osteoarthritis are already present, and thus it is too late for “early” diagnosis. The gels 

were prepared by adding 60-80% of deionized water (by weight) to 40-20% of gelatin 

(bloom value 225, Sigma Aldrich, St. Louis, MO). Water and gelatin mixtures were 

heated to 60°C on a magnetic stirrer and heater yielding a homogenous solution. The 

solution was allowed to cool for 15 min at 4 °C. The gels were cut to 1 mm thickness 

with a stainless steel cutter (Zivic Instruments, Pittsburg PA).  For each percentage of 

water, 1mm thick samples were prepared, from which 16 spectra were collected (details 

below). 

NIR Spectroscopy:  
 

A Perkin Elmer Spotlight 400 imaging spectrometer (Perkin Elmer, Shelton CT), which 

couples an infrared spectrometer to a light microscope equipped with an array detector, 

was used to obtain NIR data in transmission mode in the frequency range from 4000 - 

7800 cm-1 . Spectra were obtained  from 1 mm slices of gels placed on glass slides at 50µ 

pixel resolution, using 8 cm-1 spectral resolution, and 16 co-added scans per pixel. 

Spectra from 1 mm slices of BNC placed on glass slides were obtained at 50µ pixel 

resolution. To minimize imaging time while improving signal to noise, data for these 
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samples were collected at 32   cm-1 spectral resolution and with 32 co-added scans per 

pixel.  The imaging time for both ,gels and BNC samples was less than 1 minute per 

sample. Penetration of the NIR radiation was through the entire 1 mm segment of tissue, 

and therefore, full-thickness sampling of all tissue components, occurred. Transmittance 

spectra were ratioed to a background obtained through the glass slide and converted to 

absorbance for data analysis.  For each tissue or gel sampled, 16 spectra per image were 

analyzed. One mm thick slices of BNC were imaged immediately, and then every hour 

over a 3 hour interval, as well as after lyophylization. One young BNC sample was 

imaged  in intervals of 5 to 15  minutes over the three hour period to observe the water 

evaporation pattern,  and to permit assignment of bound and free water absorbances.  

Temperature and humidity were recorded for each experiment.   

Data analysis: 

BNC water content: The water content of the BNC samples was determined 

gravimetrically and expressed as the ratio of the wet weight minus the dry weight, to the 

wet weight of the specimen.  

Gravimetrically determined % water content 

 =   ��� ������ 	  
�� ������   x 100 

 ��� ������ 

The absolute water content of the BNC samples was equal to the difference between wet 

weight and dry weight.  

 Absolute water content (mg) = Wet weight – Dry weight 
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Correlations: Integrated areas under the NIR water absorbances centered at 5190 cm-1 

and 6890 cm-1 were calculated using ISYs 5.0 (Malvern Instruments, UK).  For the 

gelatin samples, correlations were assessed between the integrated area of the absorbance 

bands and the % water content of the gelatin gels. For the BNC samples, the integrated 

areas of the absorbance bands from the 1 hour dried samples were utilized for 

correlations, as the water absorbance in the 5190 cm-1 region in the immediate spectra 

was off-scale in most samples (absorbance greater than 2.5). For the data collected from 

the older animals, the humidity conditions resulted in persistent off-scale absorbances, 

and thus only data from the younger animals were utilized for all subsequent studies. 

Pearson correlations were calculated between the area of the absorbance bands at 5190 

cm-1  and 6890 cm-1  , respectively, and wet weight, absolute water content and percent 

water content. Statistical significance was taken as p <  0.05.  

Multiple Linear Regression:  A Multiple Linear Regression (MLR) technique was used 

to derive prediction equations of the dependant variables of absolute and percent water 

content  using the independent variables of the integrated areas of the NIR absorbances at 

5190 cm-1 and 6890 cm-1 for the BNC tissues.  MLR models were developed using each 

integrated area separately, and then using both the integrated areas of the NIR absorbance 

5190 cm-1 and 6890 cm-1 , with absolute water content or percent water content as the 

dependant variables. A total of 320 spectra were used in the intial models.  For prediction 

validation, models were built by using integrated areas from 200 BNC samples, while 

120 samples were kept out and used for prediction.  RMSE and R2 values were calculated 

for each equation, and RMSE used as the primary criteria for assessment of how well the 

MLR describes the predicted data,  
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Partial Least Squares Models:  

Partial least square (PLS) analysis is a statistical method used to find fundamental 

relationships between predictor and response variables[47]. In the current study, PLS1 

models (models built on a single y dependent variable) were evaluated for prediction of 

water from both BNC spectra and model gelatin systems. PLS1 regression was performed 

using The Unscrambler software (CAMO Software, Oslo, Norway).  Second derivatives 

(Gap -Segment) and multiplicative scatter corrections (MSC) were used as pretreatments 

for all data sets.  Multiplicative scattering correction (MSC) negates amplification and 

offset artifacts caused by light scattering,  and second derivatives are useful for removing 

baseline shifting and to discern overlapping peaks [47].    

PLS1 Models for BNC:  PLS1 models were built to predict absolute and percent water 

content of BNC samples. The predictor matrix consists of  rows of NIR speatra of BNC 

samples and the columns the absorbance values at each wavenumber, while the response 

matrix was created with  either gravimetrically- determined % water content or absolute 

water content.  A leave-one-out cross-validation was performed on all models, where 

once the model was calibrated, the elements of the response matrix were predicted to 

validate the models [47]. Outlier spectra for each model were determined using the 

Hotelling T2 ellipse algorithm and influence plots of residual variance vs sample 

leverage. The number of factors were determined from the explained variance plot. The 

quality of the fit for each model was assessed by the coefficient of determination of 

validation (R2) and the root mean square error (RMSE).  For both BNC models, 200 NIR 

spectra from 20 young BNC samples were used to build the PLS models, and 120 spectra 
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were predicted.  This was repeated 3 times, with a different set of 120 spectra left out 

each time for prediction.  

PLS1 Models for Gelatin Gels: A PLS1 model to predict water content was developed 

for the gelatin spectra, and this model was then applied to predict water content in the 

BNC samples.  For calibration and validation, the NIR spectrum of each gelatin sample 

made up one row of the predictor matrix and the absorbance values at each wavenumber 

made up the columns of the matrix. A response matrix was created with known water 

content of each gelatin sample and was used in decomposing the predictor matrix into 

components.  A total of 144 NIR spectra from 9 different samples of gelatin and water 

gels (60%, 70% and 80% water content) were used to build this model.  For prediction of 

the gelatin samples, 54 spectra were kept out and the model was re-calculated again, and 

the R2  and RMSE values calculated. This process was repeated 3 times, with a different 

set of 54 spectra left out each time for prediction.  Cross-validation, outliers and optimal 

number of factors were calculated as described above.  The gelatin PLS1 model was then 

utilized to predict % water content in the BNC samples. 

Results:  

1. Assessment of free and bound water assignments 

2. Figure 19 shows a typical NIR asorbance spectra from pure water, and from 

gelatin and water mixtures. It is evident from the spectra that as the water content 

increases there is an increase in the NIR absorbances centered at 5190 cm-1 and 

6890 cm-1.  Figure 20 shows the decrease in NIR absorbances at 5190 cm-1 and 
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6890 cm-1as a BNC sample dr

intervals. The decrease in absorbance reflects evaporation of the water.

Figure 19 : NIR spectra from gelatin mixtures with 60%, 70% and 80% water content 

shows increased absorbance at both

content of the mixtures. The spectrum of pure water is included for comparison.

  

Figure 20: A decrease in absorbance in the 5190 cm

observed in spectra acquired from a BNC sample at 5 minute intervals, which reflects 

5190cm

BNC sample dried while spectra were acquired at

The decrease in absorbance reflects evaporation of the water.

NIR spectra from gelatin mixtures with 60%, 70% and 80% water content 

shows increased absorbance at both 5190 cm-1 and 6890 cm-1 with increase in water 

The spectrum of pure water is included for comparison.

 

A decrease in absorbance in the 5190 cm-1 and 6890 cm-

observed in spectra acquired from a BNC sample at 5 minute intervals, which reflects 

5190cm-1 

6890cm-1 

Wavenumber 

spectra were acquired at 5 minute 

The decrease in absorbance reflects evaporation of the water.  

 

NIR spectra from gelatin mixtures with 60%, 70% and 80% water content 

1 with increase in water 

The spectrum of pure water is included for comparison. 

-1 absorbances is 

observed in spectra acquired from a BNC sample at 5 minute intervals, which reflects 
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evaporation of water . The spectra are stacked (offset) to illustrate the differences, with 

earlier timepoint spectra on top, and later timepoint spectra on the bottom

 

Figure 21 shows NIR absorbances from a typical 1 hour dried BNC sample (red)  and a 

typical lyophilized BNC sample (blue). The NIR spectra from the lyophilized sample 

showed neglible absorbance at 6890 cm

to this absorbance band.   The area of the 5190 cm

evaporation process, but~ 10 to 15% of the original absorbance still remained after 

lyophilization.  These data indicate t

addition to a free water component.  Figure 22 shows that the free water evaporates in a 

linear fashion during the first 60 minutes, supporting the use of the 1 hour dried samples 

to reflect water content.  

Figure 20: Shows NIR abs

BNC sample (blue). The NIR absorbance at 5190 cm

water and the NIR absorbance at 6890 cm

4500 cm
-1

 

The spectra are stacked (offset) to illustrate the differences, with 

earlier timepoint spectra on top, and later timepoint spectra on the bottom

21 shows NIR absorbances from a typical 1 hour dried BNC sample (red)  and a 

typical lyophilized BNC sample (blue). The NIR spectra from the lyophilized sample 

showed neglible absorbance at 6890 cm-1 , which confirmed the assignment of free water 

to this absorbance band.   The area of the 5190 cm-1 band was also reduced during the 

evaporation process, but~ 10 to 15% of the original absorbance still remained after 

lyophilization.  These data indicate that there is indeed a bound water component, in 

addition to a free water component.  Figure 22 shows that the free water evaporates in a 

linear fashion during the first 60 minutes, supporting the use of the 1 hour dried samples 

 

 

: Shows NIR absorbances from 1 hour dried (red) BNC sample

). The NIR absorbance at 5190 cm-1 arises from "free and bound” 

water and the NIR absorbance at 6890 cm-1 arise from “free” water.   

6890 cm
-1

 

5190 cm
-1

 

The spectra are stacked (offset) to illustrate the differences, with 

earlier timepoint spectra on top, and later timepoint spectra on the bottom. 

21 shows NIR absorbances from a typical 1 hour dried BNC sample (red)  and a 

typical lyophilized BNC sample (blue). The NIR spectra from the lyophilized sample 

, which confirmed the assignment of free water 

band was also reduced during the 

evaporation process, but~ 10 to 15% of the original absorbance still remained after 

hat there is indeed a bound water component, in 

addition to a free water component.  Figure 22 shows that the free water evaporates in a 

linear fashion during the first 60 minutes, supporting the use of the 1 hour dried samples 

) BNC sample and lyophilized 

arises from "free and bound” 
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Figure 22 shows the observed 

5190 cm-1 and 6890 cm

integrated areas in both NIR 

minutes, supporting the use of the the spectral data from the 

for subsequent analyses. 

Figure 21: Decrease in integrated area under NIR absorbance

1 obtained from BNC samples 

 

To further assess the changes in free and bound water over time, 

spectra from BNC samples imaged 

can see shifts in the peak position of 

higher frequency to lower

decreasing as the frequency of the vibration depends on the 

greater with water that is free, as compared to covalently bound

shift was observed for  the 

shows the observed decrease in integrated areas under the NIR absorbance at 

and 6890 cm-1 in the BNC samples imaged at 5 minute interval

NIR water absorbances decrease in a linear fashion through ~

, supporting the use of the the spectral data from the 1 hour dried 

 

: Decrease in integrated area under NIR absorbances at 5190 cm

obtained from BNC samples imaged at 5 minute intervals. 

To further assess the changes in free and bound water over time, second derivative 

spectra from BNC samples imaged at 5 minutes intervals were evaluated (Figure 23).

can see shifts in the peak position of the NIR absorbance centered at 5190 cm

lower frequency (Figure 24). This confirms that  free water content 

the frequency of the vibration depends on the mobility of water

greater with water that is free, as compared to covalently bound. Interestingly, 

the NIR  absorbance band at 6890 cm-1 or for the 

NIR absorbance at 

in the BNC samples imaged at 5 minute intervals. The 

decrease in a linear fashion through ~60 

hour dried BNC samples 

 

at 5190 cm-1 and 6890 cm-

second derivative NIR 

were evaluated (Figure 23). We 

at 5190 cm-1 from 

free water content is 

mobility of water; it will be 

Interestingly, no peak 

 matrix peaks. 
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Figure 22:  Second derivative spectra from the BNC samples imaged every 5 minutes. 

There is a shift in the NIR absorbance band at 5190 cm 

6890 cm -1 absorbance.  

 

Figure 23: The peak position

as assessed from second derivative spectra of BNC samples imaged at 5

Correlation : The gravimetrically calculated 

was in the range of 12 to 36 mg, and the percent water content was in the range of 

 

econd derivative spectra from the BNC samples imaged every 5 minutes. 

NIR absorbance band at 5190 cm -1, but not in the position of the 

 

peak position of the “free and bound” water peak centered 

from second derivative spectra of BNC samples imaged at 5 min time interval

: The gravimetrically calculated absolute water content of the BNC samples 

12 to 36 mg, and the percent water content was in the range of 

Wavenumbers cm-1

econd derivative spectra from the BNC samples imaged every 5 minutes. 

, but not in the position of the 

and bound” water peak centered  at ~5190 cm-1 

min time interval 

water content of the BNC samples 

12 to 36 mg, and the percent water content was in the range of 60-
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75%.   Figure 25 shows the correlation between the integrated area under the 5190 cm-1 

and 6890 cm-1 bands, respectively, from 1 hour dried samples with absolute water 

content. The integrated areas of the absorbance bands at 5190 cm-1 and 6890 cm-1 , 

reflective of the bound plus free,  and free water in the tissues, respectively, were found 

to correlate linearly with the absolute water content of the tissue (R2 = 0.7127 and R2= 

0.7014 respectively p< 0.05). Figure 26 shows the relationship between integrated areas 

under NIR absorbances at 5190 cm-1 and 6890 cm-1 with the gravimetrically determined 

% water content of the BNC samples.There was only a weak correlation (R2 = 0.1792 and 

R2 = 0.1106,  p <0.05) for both bands. 

 

Figure 24: Relationship between absolute water content of BNC samples and integrated 

area under the 5190 cm-1 and 6890 cm-1 absorbances. 
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Figure 25: Relationship between gravimetrically determined percent water content of 

BNC samples and integrated area under 5190 cm-1 and 6890 cm-1 absorbances. 

Multiple Linear Regression (MLR) results:  Multiple linear regression was carried out 

on the integrated areas under NIR absorbance at 5190 cm-1 and 6890 cm-1 with absolute 

water content and with gravimetrically determined water content (%) of the BNC samples 

(Table 1). Based on RMSE and R2 values, the best correlation was found between the 

integrated areas and the absolute water content. The integrated area of the 5190 cm-1 and 

the 6890 cm-1 were equally good in predicting water content, and using both integrated 

areas in the equation did not substantially increase either the R2 or the RMSE.   The 

equation obtained from  above mentioned MLRs are listed here. 

1. % water content = 67.808 + (0.0134 *  Area 6890) - (0.00990 * Area 5190) 

2. % water content = 67.750 - (0.0104 *  Area 6890) 

3. % water content = 68.126 - (0.00509 * Area 5190) 

4. Absolute weight (mg) = 5.879 + (0.0389 *  Area 6890) + (0.0154 * Area 5190) 

5. Absolute weight (mg) = 5.970 + (0.0759 *  Area 6890) 

6. Absolute weight (mg) = 6.803 + (0.0294 * Area 5190)  

R² = 0.1792
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Table1: Results from multiple linear regression analysis using integrated areas 
under NIR absorbance bands at 5190 cm-1 and 6890 cm-1   

 

 Multiple Linear Regression model R2  RMSE   No.of 
spectra in 
model 

 No. of spectra 
predicted 

1  % water content with both  integrated areas  
under 5190 cm-1 and 6890 cm-1  

0.18  1.197  200  

 Predictions using above model 0.1904  1.196   120 

2  % water content with  integrated area  under 
5190 cm-1  

0.17251  1.2  200  

 Predictions using above model 0.1641  1.22   120 

3  % water content with  integrated area  under 
6890 cm-1  

0.099  1.26  200  

 Predictions using above model 0.0992  1.126   120 

4  Absolute water content with both  integrated 
areas  under 5190 cm-1 and 6890 cm-1  

0.732  2.03  200  

 Predictions using above model 0.7226  2.07   120 

5  Absolute water content with  integrated area  
under 5190 cm-1  

0.7092  2.12  200  

 Predictions using above model 0.71  2.21   120 

6  Absolute  water content with  integrated area  
under 6890 cm-1  

0.7074  2.13  200  

 Predictions using above model 0.6827  2.22   120 
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Results 2: Assessment of gelatin and BNC PLS1 model systems to predict water 

content in cartilage. 

Gelatin Model: The calibration/validation of the PLS1 gelatin model that utilized the full 

NIR spectral range to assess % water content of gelatin was successful, with an R2 of 

calibration/validation = 0.972 and an RMSE value of 1.38974 (Table 2).   

Table 2: Parameters of PLS1 cross-validations results with gelatin model systems for % 
water content 

Second Derivative + 
MSC 

PLS1 Validation gelatin 

R2 of validation: 0.972  
No. of samples: 90 
No. of Factors: 7 
Root Mean Square Error 1.38974 
 

However, the results using this model to predict water content from BNC samples were 

very poor, with an RMSE of  6.19 (Table 3). 

Table 3:PLS1 gelatin model to predict % water content from independent BNC samples. 

 

 

 

BNC Model:  

The PLS1 model created using spectral data from BNC samples to predict  absolute water 

content of BNC samples using the full NIR spectral range resulted in an R2 of  

calibration/validation of 0.75683 with an RMSE value of 1.97298 (Table 4). The PLS1 

Second Derivative + MSC PLS1 % water content  
from BNC samples 

R2 of prediction 0.27 
No. of Factors: 7 
Root Mean Square Error prediction 6.19 
No of samples 24 
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model created to predict percent water content of BNC using the full NIR spectral range 

resulted in a lower R2 for the validation of 0.48732, with the RMSE value of 0.9565.  The 

results of the predictions of independent samples using these respective models gave an 

R2 of 0.41, and RMSE of prediction of 3.03 mg for absolute water content, and R2 of 

0.175 and RMSE of  1.2 %. for the % water content (Table 5).    These results were very 

comparable to those obtained with MLR analysis. 

Table 4: Calibration/Validation of PLS1 BNC models with absolute water and % water 
content 

Second Derivative + 
MSC 

PLS1 BNC absolute 
water 

PLS1 BNC % water content 

R2 of validation: 0.75683 0.48732 
No. of samples: 200 200 
No. of Factors: 9 6 
Root Mean Square Error 1.97298 0.9565 
 

Table 5: PLS1 BNC models to predict independent samples of absolute water content 
(mg) and % water content 

 

Discussion: 

The current studies were carried out to assess whether NIR spectroscopy could be used to 

quantitatively assess water content in hyaline cartilage. Along with this main objective, 

another objective was to confirm the assignment of free and bound water absorbances to 

the NIR absorbance bands at 6890 cm-1 and 5190 cm-1 . We found that the two prominent 

Second Derivative + MSC Absolute water content 
(mg) 

% water content  
 

R2 of prediction 0.40739 0.17581 
No. of Factors: 9 6 
Root Mean Square Error prediction 3.03484 1.20672 
No. of spectra 120 120 
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water peaks in the cartilage NIR spectrum centered at 6890 cm-1 and 5190 cm-1, reflect 

free water, and a combination of bound plus free water, respectively.  According to the 

water NIR absorbance band assignments by  Luck [39], the 5890 cm-1 band  (1940 nm) 

arises from the sum of  four different states of the water O H-groups: 1 ) at 1886 nm, free 

molecules with hydrogens unbonded, 2)at ~ 1899 nm, molecules with one hydrogen 

bonded and the other unbonded; 3 ) at ~1936 nm, H-bonded O H-groups with 

energetically unfavored bond angles; 4 ) at ~1984 nm, H-bonded O H-groups with linear 

bonding[39], and thus are confirmatory of our experimental results.  Our results are also 

consistent with the literature of  free water band to the 6890 cm-1absorbance.   Zhou et al.  

used PLS1 models to determine surface water and bound water in drying drug substances  

and confirmed the assignement free water (surface water)  to 1904 nm  and the 1936nm  

as a bound water band [61]. 

 Further, the integrated areas of either of those peaks correlate well to absolute water 

content, as did a PLS1 model that used the second derivative spectra.  As percent water 

content is also frequently of interest in cartilage research, e.g. absolute water content 

normalized to sample wet weight, we used PLS to attempt to predict percent water 

content.  Those results had similar prediction errors as the MLR results, in spite of the 

fact that the R2 values were significnatly lower.  Finally, we developed a model of gelatin 

and water but were not able to accurately predict percent water content in BNC using that 

model. 

The results of the gravimetrically determined % water content in the BNC samples were 

as expected, in the range of the physiological water content of the cartilage, 60 to 75% 

[62].  The positive correlation between the integrated areas under the  NIR  absorbance's 
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at 5190 cm-1 and 6890 cm-1 confirm our hypothesis that an increase in water content  

results in an increase in area under these NIR absorbances. Further, the strong correlation 

of the integrated areas of both bands with absolute water content of BNC samples 

indicate that either of these band areas can be used to predict water content from hyaline 

cartilage. Thus, these results demonstrate that NIR spectroscopy can be used to 

quantitatively asssess water content in hyaline cartilage. 

During our analyses, it was observed that when NIR data was collected from the 1mm 

slices of BNC samples the absorbance of the 5190 cm-1 band was consistently offscale, 

with values of  2.5 to 3 absorbance units. This corresponds to approximately 0.001% of 

the radiation penetrating the tissues, and is not acceptable for quantitation. Although we 

did attempt to utilize thinner slices of tissues to minimize the off-scale absorbance, it was 

not possibly to reliably slice the BNC below ~ 1mm.  Therefore, we acquired the spectra 

over short increments of time while allowing the samples to dry, to assess whether there 

was a linear relationship in the decrease in absorbance.  Indeed, there was gradual 

decrease in the integrated area under both the free, and the free plus bound water bands, 

during the first hour of drying, but gradually the integrated area of these bands became 

constant. Thus, we let the samples dry for one hour prior to acquisition of NIR spectra to 

allow for the 5190 cm-1  absorbance be on-scale for quantitation.   

 The second derivative of the spectra acquired while the tissues were drying over time 

showed  a shift  in the position of the NIR absorbance band centered at ~5190 cm-1 , to a 

lower frequency, whereas no shift was observed in the 6890  cm-1 water band, as well as 

from  matrix components absorbance centered at ~ 4500 cm-1 . In a previous study on 

water desorbtion from skin,  Walling and Danbey  reported a similar observation [63].  
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These results support the concept that frequency of vibration of the water molecules is 

greater in the free water components as compared to the covalently bound component, 

and could be useful for further studies to elucidate the different water compartments in 

cartilage. 

  In the final analysis of the data, we only included spectra that were acquired at similar 

temperature and humidity conditions. As humidity is known to have profound effects on 

the NIR spectra of water [57], spectra that were collected on days of higher humidity 

were excluded. It was found that the integrated areas under the 5190 cm-1 and the 6890 

cm-1 absorbance's from spectra obtained on high humidity days showed little or no 

correlation with gravimetrically-determined water content.  The relative humidity varied 

from 25% to 58% during the course of this study, and the absorbances at 5190 cm-1 were 

higher as humidity increased. These results indicate the need of a humidity controlled 

environment for water content assessment, which will be done in future studies. Similar 

observations were found in a previous study where water content from the skin was 

determined by using NIR reflectance spectroscopy. According to that study, the entire 

spectrum was shifted to higher absorbance values with high humidity indicating an 

increase in water content [57].  

Both regression and PLS models were useful for prediction of water content, with 

differences in how each performed. Selection of the optimal regression or PLS models 

was based on minimizing the  RMSE values as the main criteria, with maximization of  

R2 values as a secondary criteria. RMSE values are always represented in the same units 

as the given data set, e.g. mg for absolute water content, and percent for % water content, 

and they do not become artificially inflated by the addition of more data.  In contrast,  R2 
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values can tend to become inflated as we add more data, and may not be representative of 

how well the model is actually performing.   

The multiple linear regression model for absolute water correlated significantly with the 

integrated areas of the NIR absorbance at 5190 cm-1 and 6890 cm-1 from 1 hour dried 

samples, in spite of letting the samples dry somewhat prior to measurement. However, 

this may have resulted in non-optimal regression and PLS models,  although good 

prediction errors were still obtained.  In a previous study, multiple linear regression 

analysis was successfully used to determine moisture content of skin using the 1888 nm 

and 1116 nm for free water content and 1924 nm and 1964 nm for bound water content 

[63], and thus this method is shown to be applicable for different connective tissues.   In 

contrast, the, MLR analysis of gravimetrically determined percent water content and the 

integrated areas under NIR absorbance 5190 cm-1 and 6890 cm-1  resulted in poor R2 of 

predictions, but RMSEs that were similar to those for absolute water content.  This was 

likely due to the obvious contribution of other matrix components such as collagen and 

proteoglycan to the total weight of cartilage, which is not accounted for when assessing 

the area of the water absorbance bands.  

 The PLS1 model with percent water content was developed to take into account the 

contribution from matrix components, and in fact did result in a somewhat better ability 

to predict, based on the combination of the R2 and RMSE values.  In contrast, the PLS1 

gelatin model was not useful for predicting cartilage water content.  This is primarily 

attributable  to the fact that specific matrix components play an  important role in 

retention of water, and given that gelatin is denatured collagen, this system does  not 
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adequately replicate the natural  stucture of the hydrated collagen and proteoglycan 

matrix of the cartilage.  

Conclusion: 

 The results from this study confirm that the NIR absorbance at 5190 cm-1  arises from 

free and bound water, and the NIR absorbance band at 6890 cm-1  arises from bound 

water. The PLS1 model constructed with gelatin sample to predict water does not 

accurately predict water content from BNC samples. The strong relation between either 

of the water bands with the absolute water content indicates that either of these can be 

used to assess water content from BNC samples. The results from this study confirm that 

NIR spectroscopy can be used to assess water content from hyaline cartilage.  Translation 

of these methods to aid in early detection of osteoarthritis will require additional studies 

to quantitate water in normal and degraded articular cartilage. 
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 APPENDICES 

APPENDICES A: Protocol for BNC dissection   

1. Wearing a disposable gown or lab coat, gloves and eye protection, make two cuts 

through the bone adjacent to the nasal septum, starting at each nostril and working 

toward the back of the head. This is best done with a bone-cutting band saw, such 

as the one manufactured by Mar-Med, Inc.:    http://www.mar-

med.com/bonesaw.html. The version of this saw with extra-long vertical support 

tubes to accommodate extra-thick samples was used. Another conventional saw 

blade (i.e. not a diamond-plated blade) with extra-fine teeth was used. Unlike the 

band saws used in wood and metal working, the MarMed band saw uses a 

continuous water spray to prevent overheating the sample and is completely 

washable. This is similar to saws used to cut ceramic tiles, bricks and stone 

countertop slabs. The serrations are needed to prevent slipping and considerable 

force is needed to cut through the bone this way. Another option would be to use 

a rotary surgical saw (a Stryker saw) or a hand saw with a thin, rigid blade with 

coarse teeth. This is a rather messy operation and may require two people: one to 

hold the snout while the other does the cutting. The snout is quite slippery and 

cutting must be done with care to avoid injury to the surgeon(s) or damage to the 

nasal septum! 
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2. Once the two initial cuts were made, it was possible to pry away the strip of bone 

along one edge of the septum using the blunt end of a scalpel handle or similar 

tool. 

3. The next step was to remove the skin covering the nasal septum on both sides. 

Starting at the proximal end of the septum (i.e. the end farthest from the tip of the 

nose), the skin was peeled away using the blunt end of a scalpel handle, being 

careful not to damage the underlying cartilage. When enough of the skin was 

peeled away, the skin was grasped with a hemostat, towel clamp or toothed 

forceps and to start pulling the skin from the septum. Usually, this is not difficult 

until you reach the distal end of the septum (i.e. the nose tip), at which point the 

cartilage becomes quite rubbery and may not separate from the skin at all. The 

skin was peeled away as much of as possible, separating the skin from the 

cartilage via pulling with the hemostat while carefully scraping with the scalpel 

handle, then removing away the flap of skin released on each side using scissors. 

4. Next step was to remove the perichondrial membrane from each side of the nasal 

septum by means of careful scraping with the scalpel handle, peeling with toothed 

forceps and/or rubbing with a piece of dry gauze. From this point on cold saline or 

DPBS was poured on the septum periodically to prevent it from drying out as the 

skin has been removed. Often, it is difficult to distinguish the perichondrium from 

the cartilage, but the membrane is often darker in color and less shiny; the clean 

cartilage surface should have a blue-white translucent color and be very shiny. 

5. Once the nasal septum was cleaned of skin and perichondrial membrane on both 

sides, samples were cut or punched from it as desired. It was recommend  to place 
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a piece of Styrofoam or cardboard behind the septum to support it while 

out cartilage cores using a disposable dermal biopsy 

punch:    http://www.vwrsp.com/catalog/product/index.cgi?catalog_number=2190

9136&inE=1&highlight=21909

            Again, the septum was

prevent the cartilage from becoming dehydrated.

 

Figure 26: Stepwise bovine nasal cartilage dissection

 

 

 

 

a piece of Styrofoam or cardboard behind the septum to support it while 

out cartilage cores using a disposable dermal biopsy 

http://www.vwrsp.com/catalog/product/index.cgi?catalog_number=2190

E=1&highlight=21909-136 

Again, the septum was wetted with cold saline or DPBS during punching to 

prevent the cartilage from becoming dehydrated. 

 

: Stepwise bovine nasal cartilage dissection 

a piece of Styrofoam or cardboard behind the septum to support it while punching 

out cartilage cores using a disposable dermal biopsy 

http://www.vwrsp.com/catalog/product/index.cgi?catalog_number=2190

wetted with cold saline or DPBS during punching to 
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APPENDICES B: Protocol for Gelatin Gel Preparation: 

1. Weigh measuring cup on scale ( Denver Instrument, Bohemia, NY) 

2. Tare scale to “zero” 

3. Measure 3 grams of gelatin 

4. Measure 7 grams of water into separate flask 

5. Take beaker and put water in it 

6. Put it on magnetic stirrer 

7. Add magnet to it 

8. Set the magnet controller on 3 

9. Set the heater controller to 60°C 

10. Heat it up to 60°C 

11. Add gelatin to water and give it a stir 

12. Mix till the mixture becomes homogenous and transparent 

13. Pour it in cell well plate (24 cell well plate) 

14. Put cell well plate in refrigerator for 20 min 

15. Take out the gelatin gel out of cell well plate 

16. Place it in  tissue cutter (Zivic Instruments, Pittsburg ,PA) 

17. Place the blades in the cutter grooves and cut it to 1mm slice 

18. Place slices on glass slide, now the gels are ready for imaging by the spectrometer 
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APPENDICES C: Gravimetric water content protocol: 

1. Weigh measuring cup 

2. Tare to zero 

3. Measure 1mm BNC slice immediately after dissection. Note that as wet weight. 

4. Lyophilize the sample for 20 Hours in vacuum   (Labconco, Kansas City, MO) 

5. Measure the lyophilized sample. Note that as dry wet 

6. Calculate the water content as: 
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