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 ABSTRACT 
 
 

Osteoarthritis affects over 250 million individuals worldwide. It is a disease of the 
whole joint, exhibiting heterogenous pathology, and a multifactorial etiology consisting 
of obesity and joint trauma as important risk factors. This heterogenous nature 
contributes to the disparity in symptom presentation and response to treatments, 
presenting challenges for diagnosis and the development of targeted therapies for 
osteoarthritis phenotypes. Therefore, the goals of this work were to (1) enhance our 
understanding of osteoarthritis as a heterogenous disease for improved early diagnosis 
and (2) evaluate the interaction between osteoarthritis risk factors and therapeutic 
interventions. Because osteoarthritis and its risk factors are associated with aberrant 
metabolism, liquid chromatography-mass spectrometry-based global metabolomic 
profiling was employed to investigate changes in small molecules in response to 
osteoarthritis, risk factors, and therapeutic interventions.  

The first area of research focused on osteoarthritis diagnosis. The results show 
that global metabolomic profiling of human osteoarthritic synovial fluid is capable of 
identifying candidate biomarkers of osteoarthritis and classifying donors into subgroups 
representative of metabolic phenotypes. Metabolic phenotypes include structural 
deterioration, oxidative stress, and/or inflammation. 

The second area of research focused on osteoarthritis risk factors and therapeutic 
interventions. We investigated the effects of acute exercise in mouse synovial fluid to 
provide insight into exercise as a nonpharmacologic mechanobiology-based intervention 
prescribed for osteoarthritis. We found that acute exercise may have beneficial effects in 
maintaining overall joint health. We expanded on exercise as a nonpharmacologic 
treatment by investigating the effects of long-term exercise in an obesity-associated 
osteoarthritis mouse model. Long-term exercise did not exacerbate osteoarthritis in the 
knee joints of obese mice but did abrogate some obesity-induced metabolic perturbations 
in the synovial fluid. In addition, a pharmacologic intervention was investigated in post-
traumatic osteoarthritis. Inhibition of early response genes by a Cdk9 inhibitor 
immediately after joint trauma was also capable of reversing a portion of injury-induced 
metabolic perturbations in whole joints of injured mice. 

Overall, this work demonstrates that global metabolomic profiling has potential 
for biomarker discovery and classifying patients into metabolic phenotypes. It also 
demonstrates the potential for exercise and inhibition of early response genes as 
therapeutic interventions for obesity-associated and post-traumatic osteoarthritis.  
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INTRODUCTION 
 
 

Osteoarthritis Background 
 
 

Osteoarthritis Epidemiology 
 

Osteoarthritis (OA) is the most common degenerative joint disease and 

musculoskeletal condition worldwide[1, 2], accounting for over a quarter of all arthritis-

related healthcare visits[3]. Globally, it ranks fifth as a leading cause of chronic 

disability[4]. OA is prevalent in approximately 10% of world’s population over the age of 

60 and is projected to affect over 130 million individuals by 2050[1, 5]. In the United 

States alone, an estimated 30.8 million individuals are affected by OA[6], with almost 

half of OA cases affecting the knee[7].  

OA is associated with an enormous economic burden, totaling $80 billion per year 

in earning losses between 2008-2011[8]. In the U.S., it ranks first for work loss and costs 

the economy over $100 billion annually[9]. Over $27 billion in healthcare expenditures 

were contributed solely by knee OA in 2013[10]. In 2012, an estimated 658,000 

Americans received surgery for end-stage knee OA, with each total knee arthroplasty 

(TKA) costing an average of $20,293 and revision costing $26,388[10, 11]. These 

numbers of economic burden reflect the reported, direct health care costs and do not take 

into consideration indirect health care costs that are rarely reported. Thus, this economic 

burden of OA is most likely underestimated[12].   

OA can occur in any joint in the body but most commonly affects the knees, hips, 

feet, and hands[13]. Data on the prevalence of OA in affected joints varies by definition. 
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Typically, the prevalence of OA is reported as symptomatic or radiographic OA. 

Symptomatic OA is associated with patients reporting joint pain and/or stiffness. 

Radiographic OA is associated with X-ray confirmation of joint space narrowing. 

According to the Framingham Study, the prevalence of radiographic knee OA was 19.2% 

in individuals over the age of 45, with that number more than doubling to 43.7% in 

individuals over the age of 80[14]. The prevalence of symptomatic knee OA is slightly 

lower, ranging from 12.1%-16.3% in cohorts from the NHANES III Study and Johnston 

County OA Project[15, 16].  The Johnston County OA Project also reported the 

prevalence of symptomatic OA in the hips, totaling 9.2% in individuals over the age of 

45[15]. Symptomatic hand OA accounted for 6.8% of the individuals in the Framingham 

OA Study over the age of 26, affecting 3.8% of males and 9.2% of females[14].  

 
Osteoarthritis Risk Factors 
 

OA is a multifactorial disease with a number of risk factors linked to OA 

development and/or progression. These risk factors can give rise to specific phenotypes 

of OA, such as post-traumatic OA (PTOA) or obesity-associated OA. Age, obesity, and 

joint trauma are the greatest risk factors of OA, followed by physical activity, gender, and 

genetics. Any combination of these risk factors may increase the likelihood of disease 

onset and progression. Studies suggest that risk factors of OA contribute to disease 

pathogenesis by abnormal joint loading, aberrant metabolism, acute and chronic 

inflammation, and/or systemic factors[17].  
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Age. Age is the greatest risk factor for the development of OA. Age contributes to 

OA pathogenesis via chronic inflammation, cellular senescence, mitochondrial 

dysfunction and oxidative stress, altered energy metabolism via lower 5’-AMP activated 

protein kinase (AMPK) activity, aberrant metabolism, and altered cell signaling[18]. It is 

likely that these factors contribute to OA in conjunction with other OA risk factors, 

leading to the development of OA. However, it is important to note that age-related 

changes in the joint are still distinct from hallmarks of an OA joint. For example, there is 

a lower density of chondrocytes with aging, whereas an OA joint exhibits clusters of 

chondrocytes near sites of articular cartilage damage[18, 19]. The articular cartilage is not 

degraded with age, but rather exhibits reduced thickness and glycosaminoglycan (GAG) 

content[18, 19]. Regardless of these distinct changes, there are a number of age-related 

factors that may be contributing to OA development.  

 
 Obesity. Obesity is associated with increased prevalence and radiographic 

progression of OA. This relationship is greatest for larger load-bearing joints such as the 

hip and knee[17]. One study found that for every 5-unit increase in body mass index 

(BMI), there was an increase in the susceptibility to knee OA by 35%[20]. Furthermore, 

another study found that individuals with a BMI greater than 30 were eight times more 

likely to develop knee OA[21]. Obesity, however, is a preventable risk factor for OA, 

with weight loss decreasing the risk of obesity-associated OA[22, 23]. Evidence suggests 

that obesity precedes the development of OA, but the exact mechanism in which obesity 

contributes to OA remains unclear. Obesity may be contributing to OA pathogenesis via 

altered biomechanics of the joint (i.e. overloading the joint), chronic inflammation, 
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aberrant metabolism, and/or reduced physical activity by obese individuals[24]. Obese 

individuals are also at risk of developing OA in non-weight-bearing joints (i.e. hand), 

which suggests that mechanical factors alone cannot explain the increased risk of OA and 

systemic factors may be playing a role[24].   

 
Joint Trauma. Joint trauma is an important risk factor in the development of OA. 

Data suggest that 14-80% of patients will develop PTOA following joint injury[25-28], 

with 12% of all OA cases resulting from joint trauma[29]. Joint injuries associated with 

PTOA development include tears of the anterior cruciate ligament (ACL) and meniscus, 

and intra-articular bone fractures. Joint trauma results in hemarthrosis, chondrocyte 

necrosis, cartilage swelling, and collagen rupture immediately following injury[30]. 

Injury also elicits an acute inflammatory response that initiates apoptosis, cellular 

infiltration, the production of inflammatory mediators, matrix degradation, and deficient 

lubrication[30]. This inflammatory response may persist, leading to the development of 

PTOA. In addition to the acute and chronic inflammation associated with joint trauma, 

altered biomechanics of the joint may also be contributing to the onset of disease[31]. 

 
Physical Activity. High-intensity physical activity and physical inactivity are risk 

factors for OA. Occupational tasks that involve repetitive loading of lower extremity 

joints are at a greater risk of developing hip or knee OA[32, 33]. The risk of hand OA is 

greater for individuals whose occupations require repetitive manual dexterity[34]. Elite 

athletes in high-impact sports were also associated with hip and knee OA[35], although 

this risk may be associated with corresponding joint trauma[27, 36]. In contrast to high-
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impact or high-intensity activities, low to moderate distance running was not associated 

with hip and knee OA[37]. Physical inactivity, however, has led to loss of articular 

cartilage in animal models, although it is not specifically osteoarthritic[38]. In humans, 

lack of physical activity led to cartilage thinning in the spinal cord, with the rate of 

thinning being greater than those with OA[35, 39, 40]. Despite specific levels of physical 

activity as a risk factor for OA, exercise is a highly recommended intervention for the 

management of OA. Low-impact exercise regimes are commonly prescribed to maintain 

range of motion and minimize pain[35, 41].  

 
Gender. Gender is another major risk factor of OA. Studies have shown that the 

incidence of OA is greater in women than men, affecting 10% of men and 13% of 

women[42, 43]. The severity of disease is also greater in women than men, especially 

after menopause[42]. This could suggest the role of estrogen in OA, although results are 

inconclusive thus far[44, 45]. Interestingly though, men are actually 5-6 times more 

likely to develop PTOA after joint trauma in comparison to women whose risk increases 

by only 3-fold[46].  

 
Genetics. Genetic factors are strongly linked to OA, with about 50% of the 

variability in susceptibility to disease being explained by genetic factors[47]. Genetic 

factors are associated with 60% of hip and hand OA and 40% of knee OA[31]. Specific 

chromosomes, 2q, 9q, 11q, and 16p, and genes for vitamin D receptors, insulin-like 

growth factor-1, type 2 collagen, and growth differentiation factor-5 have been linked to 

OA[31].  
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Osteoarthritis Classification 
 

 Osteoarthritis is a degenerative joint disease characterized by the breakdown of 

articular cartilage. The articular cartilage is a near-frictionless tissue lining the bones in 

the joint to allow for smooth contact and movement. As the articular cartilage degrades, 

the bone is exposed, and bone-to-bone contact occurs (Fig. 1.1).  

 

 
Figure 1.1. Scoped healthy (top) and osteoarthritic (bottom) knee joint. Smooth articular 
cartilage exists in a healthy joint but frayed and inflamed articular cartilage (pink) is 
present in an OA joint with areas of exposed bone (yellow exposed surface).  
 
 
This bone-to-bone contact can cause joint pain, joint stiffness, and limited mobility—the 

major symptoms of OA. Radiographic signs of OA are joint space narrowing, osteophyte 

formation (bony projections), subchondral bone sclerosis, and bone deformities. The 

severity of OA is typically assessed using the Kellgren-Lawrence (K/L) grading 

scheme[48]. The K/L grading scheme scores patients’ radiographic characteristics on a 

OA Joint

Healthy Joint



 
 

 
 

7 

 
 

scale of 0-4, with scores increasing with OA disease progression (Table 1.1; Fig. 1.2). 

Grade 0 indicates no radiographic features of OA present, whereas Grade 1 exhibits 

possible joint space narrowing and osteophyte formation. Grade 2 is consistent with 

definite osteophyte formation but possible joint space narrowing. Grade 3 is considered 

moderate OA with multiple osteophytes, joint space narrowing, and possible bone 

deformation. Severe OA is Grade 4, with radiographic features including large 

osteophytes, obvious joint space narrowing, subchondral bone sclerosis, and bone 

deformities.  

 
 

Table 1.1. Kellgren-Lawrence grading scheme for OA. The K/L grading scheme scores 
patients from 0-4 based on radiographic characteristics of OA. Originally published in 
[48].  

 
 
 
 
 

Grade OA Description
0 None - No radiographic features of OA

1 Doubtful - Possible joint space narrowing 
(JSN) and osteophyte formation

2 Minimal - Definite osteophyte formation 
with possible JSN

3 Moderate - Multiple osteophytes, definite 
JSN, sclerosis and possible bony deformity

4
Severe - Large osteophytes, marked JSN, 
severe sclerosis and definite bony deformity
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Figure 1.2. Representative radiographs of OA grades I-IV (A-D) by K/L scoring 
scheme[49]. White arrows are representative of osteophytes in the medial joint margins 
and center of the joint, and black arrows represent complete joint space obliteration. 
Originally published in [49]. 
 
 
Osteoarthritis Pathology: A Whole-Joint Disease 
 

While OA is typically described as a degenerative joint disease referring to the 

degradation of the articular cartilage, it is now well accepted that OA affects all tissues in 

the joint (Fig. 1.3). OA is considered a disease of the whole joint, exhibiting pathological 

changes including the breakdown of the articular cartilage, increases in subchondral bone 

density, osteophyte formation and bony deformities, variable synovial inflammation, 

degradation of the menisci and ligaments, and joint capsular hypertrophy[50]. 
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Figure 1.3. Representative joint (i.e. knee). The main components of the joint are the 
periarticular bone (gray), the synovial membrane (dashed orange lining), the periarticular 
vasculature (red and blue lining), the articular cartilage (yellow), and the synovial fluid 
represented by the white space within the cavity. 
 
 

Articular Cartilage. OA is classically defined as a wear-and-tear disease, 

characterized by the breakdown of the articular cartilage. The articular cartilage is a 

smooth, lubricated connective tissue with an extremely low coefficient of friction to 

allow for smooth joint motion. It has a very organized, hierarchical matrix that allows the 

joint to resist and transmit mechanical loads experienced by the joint including tension, 

compression, and shear (Fig. 1.4). Damage to the articular cartilage structure is especially 

concerning because it is an avascular tissue with little cell matrix turnover which 

minimizes its ability to heal and repair. All OA cases have at least some degree of 

articular cartilage degradation.  
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Periarticular bone
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Figure 1.4. Schematic of mechanical loads experienced by articular cartilage. Tensile, 
compressive, and shear loads are applied to the articular cartilage during joint motion. 
Chondrocytes, the cells in the articular cartilage, are subject to these forces. Originally 
published in [51].  
 
 

 The articular cartilage is divided into four zones: (1) superficial zone, (2) middle 

zone, (3) deep zone, and (4) calcified zone (Fig. 1.5). Functionally, the superficial zone is 

primarily responsible for protecting the layers below from shear stress, the middle zone 

resists sheer, tensile, and compressive forces, the deep zone plays the largest role in 

resisting compression, and the calcified zone attaches the articular cartilage to the 

subchondral bone. The superficial zone is the outermost zone, making up 10-20% of the 

articular cartilage thickness. It contains mainly type II and IX collagen fibers that are 

tightly packed and parallel in orientation to the cartilage surface and a high volume of 

chondrocytes—the resident cell type in articular cartilage. Below the superficial zone is 

the middle zone, which accounts for 40-60% of the articular cartilage thickness. Its 

constituents include proteoglycans, thicker collagen fibrils, and a few spherical 

chondrocytes. The deep zone makes up 30% of the articular cartilage thickness and 

contains the thickest collagen fibrils oriented perpendicular to the articular cartilage 

surface, the highest density of proteoglycans, minimal water, and column-shaped 



 
 

 
 

11 

 
 

chondrocytes. The final zone, the calcified zone, is separated by a mineralization front 

known as a tidemark. Its main role is to function in attachment of the articular cartilage to 

the underlying bone. There are few if any chondrocytes present in the calcified zone.  

 
 

 
Figure 1.5. Cross sectional diagram of the zones (A) and collagen fiber orientation (B) in 
the articular cartilage. (A) There are four zones of the articular cartilage: superficial, 
middle, deep, and calcified zone. (B) Collagen fibers are organized differently depending 
on zones. Originally published in [52].  
 
 

The superficial, middle, and deep zones consist of articular chondrocytes 

surrounded by both a pericellular and extracellular matrix. The extracellular matrix 

(ECM) has an elastic modulus of 306 +/- 133 kPa (Fig. 1.6), providing a physically stiff 

microenvironment for the chondrocyte and its surrounding pericellular matrix (PCM). 

The ECM is mainly composed of water, collagen, proteoglycans, and trace amounts of 

noncollagenous proteins, lipids, phospholipids, and glycoproteins. Collagen is the most 

abundant macromolecule in the ECM, contributing to 60% of its dry weight. There are 15 

distinct types of collagen molecules, with type II collagen being the most common in the 

articular cartilage ECM. Collagen molecules consist of three polypeptide chains (alpha-
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chains) that intertwine to form a triple helix. The amino acid composition of the 

polypeptide chains is dominated by glycine, proline, and hydroxyproline. Collagen 

molecules can unite to form collagen fibrils and fibers that function to provide strength 

and resist the tensile and shear forces experienced by the articular cartilage. 

Proteoglycans are the second most abundant macromolecule in the ECM. Proteoglycans 

consist of a core protein with covalently bonded glycosaminoglycans (GAGs). 

Glycosaminoglycans are highly anionic polysaccharides with repeating disaccharide 

units. The most common proteoglycans in the ECM are aggrecan, decorin, biglycan, and 

fibromodulin. The most abundant and largest proteoglycan is aggrecan, which contains 

the GAGs chondroitin sulfate and keratin sulfate. Aggrecan can interact with hyaluronan 

to form complexes called aggrecan aggregates. These aggregates are extremely 

negatively charged, which recruits water to be held in the complex to aid in the ECM’s 

ability to resist compressive forces[52].   

 
 

 
Figure 1.6. Elastic moduli of articular cartilage matrix components. The ECM (red) has a 
Young’s Modulus of 306 +/- 133 kPa, and the PCM (blue) has a Young’s Modulus of 
104 +/- 51 kPa. Originally published in [51].  
 
 



 
 

 
 

13 

 
 

Chondrocytes are the sole cell type in the articular cartilage and are responsible 

for maintaining the cartilage matrix (Fig. 1.7). Chondrocytes are widely dispersed 

throughout the cartilage, making up only 2% of the articular cartilage volume in adult 

tissue. The pericellular matrix (PCM) surrounds chondrocytes as a membrane but is 

lower in stiffness than the ECM (PCM elastic modulus: 104 +/- 51 kPa; Fig. 1.6). The 

function of the PCM is to transmit mechanical loads from the stiffer ECM to the more 

pliable chondrocyte, thus playing a vital role in mechanotransduction. Chondrocytes 

sustain the ECM by maintaining metabolic homeostasis of anabolic and catabolic 

processes. Chondrocytes have a low rate of proliferation with little to no turnover. This 

limits the intrinsic capability of articular cartilage to repair or heal itself, thus 

exemplifying the importance of chondrocyte metabolism to maintain the ECM for overall 

articular cartilage health.  

 
 

 
Figure 1.7. Articular cartilage composition. The articular cartilage is composed of 
resident cells, a pericellular matrix, and extracellular matrix. The chondrocytes are the 
resident cells dispersed throughout the cartilage and surrounded by a pericellular matrix 
(PCM). The PCM is then surrounding by an extracellular matrix that makes up the 
remainder of the articular cartilage. Originally published in [51]. 
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Chondrocytes balance anabolic and catabolic processes to maintain healthy 

cartilage. Physiological loading has been shown to maintain this balance, but lack of 

loading has been shown to lead to an imbalance of these anabolic and catabolic 

processes[53, 54]. With catabolic processes dominating, cartilage degradation occurs and 

may lead to OA. A number of matrix degrading enzymes are found in OA cartilage 

including matrix metalloproteinases (MMPS), A Disintegrin and Metalloproteinase with 

Thrombospondin Motifs 5 (ADAMTS-5), and serine and cysteine proteinases[55]. MMP-

13, for example, degrades type II collagen and ADAMTS-5 degrades aggrecan, two 

important components of the ECM. Chondrocytes in OA express receptors for 

chemokines and cytokines, and genes for cyclooxygenase (COX)-2, microsomal PGE 

synthase-1, soluble phospholipase A2 (sPLA2), and nitric oxide synthase (NOS2) in 

response to mechanical and inflammatory stimuli[50]. These molecules contribute to the 

catabolic activity in the joint stimulating inflammation-induced damage to the 

surrounding tissues.  

In addition to disrupted catabolic and anabolic activity, there is also increased 

chondrocyte death associated with OA[56-58]. In early OA, chondrocytes increase in size 

and cluster together[56, 58]. In late OA, however, there is increased chondrocyte death (a 

hallmark of late stage disease) by apoptosis, necrosis, and autophagy[56, 58]. One study 

found that administration of caspase inhibitors reduced the severity of cartilage damage 

in a rabbit model of post-traumatic OA[59]. A number of studies suggest reasons for the 

chondrocyte death occurring in late OA. One study hypothesized that increasing reactive 

oxygen species (ROS) from injury or in response to inflammation are driving this cell 
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death[57]. Another study suggests that the increased cell death may be linked to aging, as 

there is reduced age-related HMGB protein 2 in the superficial zone of cartilage where 

much of the cell death occurs[60]. However, it still remains unclear whether chondrocyte 

death leads to cartilage degradation or is a side effect of cartilage degradation. 

Cartilage degradation seen in OA pathology produces fragments of matrix 

proteins that closely resemble that of a chronic injury and can exacerbate matrix 

destruction. In response to cartilage damage and chondrocyte stress, endogenous danger 

signals are produced called damage-associated molecular patterns (DAMPs) that signal to 

the innate immune system a state of stress. DAMPs that have been identified in OA 

include ECM components from cartilage degradation (fibronectin, small leucine rich 

proteoglycans, collagen fragments)[61-64], plasma proteins from vascular leakage 

(fibrinogen)[65-67], and intracellular alarmins (S100A8 and S100A9) from stressed or 

necrotic cells[68-70]. Macrophages, leukocytes, and dendritic cells with pattern 

recognition receptors (PRR) recognize DAMPs and induce the production of 

proinflammatory cytokines, such as IL-6, IL-1β, and TNF-α, through the NF-kβ pathway. 

DAMPs can also promote inflammation through toll-like receptors (TLRs), receptor for 

advanced glycan end products (RAGE), and mitogen activated kinase (MAPK) signaling 

cascades[68]. The production of inflammatory cytokines and activation of other 

inflammatory pathways by DAMPs can both directly and indirectly contribute to 

catabolic activity in the joint, promoting further cartilage damage and contributing to OA 

(i.e. MMPs)[69-72]. 
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Articular cartilage crystals and the calcification of the articular cartilage 

(chondrocalcinosis) have been linked to knee OA[73]. One study found that 18.2% of the 

population of adults over the age of 65 had both chondrocalcinosis and knee OA, 

confirmed by radiography[74]. These articular cartilage crystals—calcium pyrophosphate 

and hydroxyapatite—can stimulate the production of inflammatory mediators, which may 

play a role in OA pathogenesis. Specifically, hydroxyapatite crystals are capable of 

stimulating the production of IL-1 and IL-18 via the NLRP3 inflammasome[75]. Another 

study found that calcium pyrophosphate dihydrate and monosodium urate crystals 

stimulate the production of nitric oxide via TLR signaling[76]. However, further studies 

are needed to determine the implications of articular cartilage crystals in OA 

pathogenesis. 

 
Bone. Bone around any joint is referred to as the periarticular bone. The 

periarticular bone underlying the calcified region of the articular cartilage is known as the 

subchondral bone. The subchondral bone can be divided into two specific components: 

the subchondral bone plate and subchondral trabecular bone (Fig. 1.8).  The subchondral 

bone plate is directly beneath the calcified zone of the articular cartilage and is a thin, 

porous, cortical lamella. Although the articular cartilage is an avascular tissue, there are a 

significant number of lymphatic vessels and nerves that penetrate the pores or channels in 

the subchondral bone plate and into the calcified zone of the articular cartilage.  
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Figure 1.8. The articular cartilage and underlying subchondral bone. The non-calcified 
cartilage (NCC) and the calcified cartilage (CC) sit just above the subchondral bone. The 
subchondral bone plate (SBP) is just beneath the NCC, and the subchondral trabecular 
bone (STB) is below the SBP. The tidemark is indicated by the arrows, and the dotted 
line is indicative of the cement line. Originally published in [77].  
 
 

The subchondral trabecular bone is the region just below the subchondral bone 

plate further from the articular cartilage. The subchondral trabecular bone is anisotropic 

in structure and mechanical properties. It is also much more porous and vascular than the 

subchondral bone plate. The main function of the subchondral trabecular bone is to 

absorb the mechanical forces experienced by the joint. A secondary function may be to 

supply nutrients to the articular cartilage. The porosity of the subchondral bone (both 

trabecular and bone plate) allows for crosstalk between the subchondral bone and the 

articular cartilage. In vivo, one study found that inflammatory molecules—

prostaglandins, leukotrienes, and growth factors—were secreted by osteoblasts during 

bone remodeling and were capable of reaching the calcified zone of the articular 
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cartilage[78]. Furthermore, in OA, inflammatory molecules and osteoclast-activating 

molecules from the articular cartilage have been shown to induce greater subchondral 

bone degradation and remodeling[79, 80]. 

The subchondral bone is in direct contact with the articular cartilage creating an 

osteochondral junction. This osteochondral junction functions to distribute mechanical 

forces in load-bearing joints. However, changes to the bone properties and articular 

cartilage can drastically alter the transmission of mechanical forces. As the subchondral 

bone increases in stiffness, larger loads are transmitted to the calcified cartilage and lead 

to increased breakdown of the articular cartilage[81]. Additionally, articular cartilage 

breakdown can increase the load transmitted to the subchondral bone[82]. In OA, the 

articular cartilage is damaged which will substantially increase the loads being 

transmitted to the subchondral bone and induce greater bone remodeling[81]. 

Subchondral bone is thought to play a role in OA pathogenesis, yet the exact 

mechanism remains unknown. Changes in the subchondral bone are hallmarks of OA, 

including subchondral bone sclerosis and subchondral cyst formation (Fig. 1.9). These 

changes in bone structure are radiographic evidence of OA and are the only clinically 

validated endpoint for OA. Early in OA, there is increased bone remodeling and 

subchondral bone loss in humans[83]. The subchondral bone plate shows thinning and 

increased permeability in an animal model of OA, strongly suggesting articular cartilage 

degeneration[84]. The subchondral trabecular bone shows greater trabecular separation 

and reduced thickness and volume in animal models of OA[85-87]. In late stage OA, 

these microstructural changes include increased bone density and volume, increased 
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thickness of the subchondral bone plate, greater trabecular thickness, reduced trabecular 

separation, and changes in trabeculae structure[88]. Thinning of the overlying calcified 

zone of the articular cartilage is also associated with OA as the tidemark is duplicated 

allowing the calcified zone to move upwards towards the deep zone of the articular 

cartilage[50, 89, 90]. Overall, the periarticular bone in OA joints exhibits greater bone 

mineral density, increased volume fraction, reduced elastic modulus in condyles, 

increased bone remodeling in early OA, and altered bone remodeling.  

 

 

 
Figure 1.9. Schematic of changes to the subchondral bone in OA. Originally published in 
[77].  



 
 

 
 

20 

 
 

 Ligaments and Menisci. Ligaments are found in many synovial joints to provide 

stability and restrict excessive joint motion. Ligaments are fibrous connective tissue 

composed of dense bundles of collagenous and elastic fibers that connect bones to one 

another. They are composed of mostly type I collagen (70%), water, elastin, lipids, 

proteoglycans, and fibroblasts[91]. The menisci are crescent-shaped fibrocartilage 

structures positioned in the tibofemoral compartment. They function to distribute loads 

and absorb shock between the femur and tibia. The meniscal matrix is maintained by 

dispersed fibrochondrocytes that synthesize the major matrix macromolecule, type I 

collagen, and orient the collagen fibers circumferentially to hold the menisci in place to 

resist mechanical loads[92]. Menisci and ligaments are more vascular than the avascular 

articular cartilage, but still less vascular than bone which leads to slower adaptations in 

response to stimuli.  

In knee OA, pathological changes in the meniscus and ligament are common[50]. 

Joint trauma involving injury to the menisci and ligaments is a major risk factor for the 

development of PTOA[91]. However, even individuals with no history of joint trauma 

may have damage to the ligaments and menisci. Symptomatic knee OA was associated 

with meniscal damage in 63% of adults[93]. The meniscus exhibited calcification, cell 

death, matrix disruption, and fibrillation, consist with changes in the articular 

cartilage[94, 95]. Individuals with meniscal damage were also 7.4 times more likely to 

development radiographic knee OA within 30 months[96]. Similarly, ACL tears were 

present in 22.8% of individuals with symptomatic knee OA, yet half of those individuals 

had no prior history of joint trauma[97]. Pathological changes in the ACL, but not 
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posterior cruciate ligament (PCL), correlated with radiographic severity of knee OA[98]. 

Importantly, one study found that with increasing age, there is a disorganized 

rearrangement of collagen fibers, calcium deposits, chondroid metaplasia, and mucoid 

degeneration in ACLs. Older individuals with these pathological changes in the ACL also 

exhibited OA pathology in the articular cartilage[99]. 

 
 Synovium. The synovium, also known as the synovial membrane, is a soft 

connective tissue lining the capsules of synovial joints. The synovium lines the entire 

joint, with the exception of areas of articular cartilage, sealing the synovial cavity (Fig. 

1.3). It is a two-layer tissue, with an inner layer—the intima—and an outer layer—

subintima (Fig. 1.10). In rabbits, the inner layer is approximately 10-20 µm thick, and the 

subintima is approximately 100 µm thick[100]. The inner layer is a lining of two types of 

resident synoviocytes: macrophage-derived type A synoviocytes and fibroblast-derived 

type B synoviocytes. The outer layer is the vascular region with a network of intra-

articular vessels, trace fibroblasts, infiltrating cells, and a collagen-rich ECM. The 

synovium produces the synovial fluid (SF), which exists in the joint capsule providing 

lubrication for the joint.  

 Pathological changes in the synovium during OA pertain to inflammation. 

Synovitis, the inflammation of the synovial membrane, has been discovered by 

histological analyses in early OA and after joint trauma[101-103]. There is an infiltration 

of macrophages and lymphocytes, synovial lining hyperplasia, and increased vascularity 

during OA-associated synovitis[104]. The inflammatory infiltration in synovitis is 

greatest in early OA, but the prevalence of synovitis increases as the disease progresses 
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into the more severe stages[102, 103, 105]. As cartilage degradation products are released 

into the synovial cavity during OA, synoviocytes respond by producing proinflammatory 

mediators[104].  

 
Synovial Fluid. The SF is a liquid secreted from the synovium in the joint cavity that 

functions as a lubricant, shock absorber, and nutrient carrier to the avascular articular 

cartilage. The SF exhibits non-Newtonian mechanics (i.e. shear stress is nonlinearly 

related to the shear rate during fluid deformation). It is plasma dialysate (filtrate from 

blood plasma) that contains mainly lubricin, hyaluronan, low molecular weight proteins, 

low glucose content, and small molecules from the surrounding synovium, articular 

cartilage, exposed bone, ligaments, and menisci (in the knee).  

Lubricin and hyaluronan are the two main components of the SF produced by the 

synovium. Hyaluronan is a glycosaminoglycan (GAG) made up of repeating disaccharide 

units of N-acetylglucosamine and glucuronic acid that provides the SF with its viscosity. 

Hyaluronan has a molecular mass of 1 x 106 Da and exists at 2-4 mg/mL in the SF[106, 

107]. Because of its large molecular weight and net negative charge, it recruits a large 

amount of water, which contributes to its function as a lubricant and shock absorber. 

Lubricin, like hyaluronan, is produced by the articular cartilage chondrocytes and the 

resident synoviocytes in the synovium, and the proteoglycan-4 (PRG4) gene is 

responsible for its expression. It is a glycoprotein with globular N- and C-termini and a 

large central mucin domain with extensive O-linked glycosylation[108]. The 

concentration of lubricin in the SF is approximately 200 µg/mL[109]. In vitro studies 

have shown that hyaluronan and lubricin function together to provide boundary 
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lubrication under mechanical stress[110-112]. Importantly, studies have shown that levels 

of hyaluronan and lubricin are lowered in OA SF[113].  

 
 

 
Figure 1.10. Schematic of the synovial membrane. The synovial membrane contains two 
layers, the intima and subintima. The intima contains macrophage-derived type A 
synoviocytes and fibroblast-derived type B synoviocytes. The subintima is a vascular 
region with intra-articular vessels, a collagen-rich ECM, and trace infilitrating cells and 
fibroblast-derived type B synoviocytes. Synovial fluid is produced by the synovial 
membrane, as depicted by the dashed arrow, and exists is secreted into the joint cavity.  
 
 

The SF contains increased levels of inflammatory mediators in OA. A study by 

Sohn et al. [114] found that 36% of the proteins identified in human OA SF were found 

to be immunostimulatory plasma proteins, with certain plasma proteins functioning as 

DAMPs to elicit an immune response. Major OA-associated cytokines VEGF, IL-1β, and 

TNF were also detected in human OA SF in their study[114]. IL-1β, and TNFα function 

to promote cartilage degradation while preventing matrix protein synthesis, contributing 

to OA pathogenesis[53]. The SF also contains other proinflammatory mediators including 
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various cytokines (IL-6, IL-8), MMPs, ADAMTS, bioactive lipids (i.e. PGE2, LTB4), 

neuropeptides, NO, and adipokines. Some cytokines in the SF are anti-inflammatory 

mediators including IL-4, IL-13, and IL-1Ra[104].  

 
Osteoarthritis Diagnosis 
 

OA is most commonly diagnosed when patients report joint pain. Patients tend to 

experience the gelling phenomenon, in which the pain worsens following physical 

activity. Other symptoms include joint stiffness—especially in the morning—and joint 

instability, leading to loss of function. These symptoms are often times asymmetric, 

occurring only in one joint (i.e. one knee)[115]. As previously stated, OA can present in 

any joint, but the most common affected joints are the hands, knees, hips, and spine[115]. 

Pain and loss of function are associated with OA in any joint, but each joint does have 

signs and symptoms unique to that joint (Table 1.2). Diagnosis can be completed based 

on physical examination and patient history, with radiography being employed for 

confirmation. If there is evidence of joint inflammation, immunologic tests may be 

suggested to investigate the possibility of crystals.   
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Table 1.2. Signs and symptoms of OA by joint. Adapted from [115]. 
Signs and Symptoms of OA by Joint 

Hand 
Pain with movement 
Hypertrophic changes at distal and 
proximal interphalangeal joints 
Tenderness over thumb 

Hip 
Pain with movement  
Pain in buttock  
Limited range of motion (especially 
internal rotation) 

Shoulder 
Pain with movement 
Limited range of motion (especially 
external rotation) 
Crepitus with movement 

Foot 
Pain on ambulation 
Limited range of motion  
Hallux valgus deformity 

Knee 
Pain with movement 
Joint effusion  
Crepitus with movement  
Presence of Baker’s cysts 
Lateral instability  
Valgus or varus deformity 

Spine 
Pain with movement 
Limited range of motion  
Lower extremity sensory loss, reflex loss, 
motor weakness  
Pseudoclaudication caused by spinal 
stenosis 

 
 

Radiography, however, poses a number of limitations for diagnosis and 

monitoring progression[116]. First, radiography reveals bone changes but does not 

visualize the cartilage or synovial membrane. Therefore, it is an indirect measure of 

disease progression based on joint space narrowing. Second, joint space narrowing in the 

knee is difficult to correlate to cartilage degradation due to the presence of the meniscus. 

The meniscus could have lesions or extrusions that are impacting the joint space 

measurements. Third, the radiographic evidence (or lack thereof) of OA does not 

translate well to joint function. Some patients report extreme pain and stiffness with little 

joint space narrowing, while others may have near bone-to-bone contact with normal 

range of motion and minimal pain[117]. Finally, by the time patients report joint pain and 

stiffness irreversible cartilage degradation already exists[118]. This leaves joint 

replacements as the most common intervention for end-stage disease. Thus, there is a 
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need for more sensitive indicators for OA, especially for diagnosis earlier in disease 

progression.  

 
Osteoarthritis Biomarkers 
 

There is a need for biomarkers of OA for earlier diagnosis, monitoring disease 

progression, endpoints for disease-modifying OA drugs (DMOADs), and for evaluation 

of treatment effectiveness. Biomarkers are indicators of some biological phenomenon, 

whether that is normal physiological conditions, diseased conditions, or a response to 

some intervention[119]. According to the FDA, there are seven categories of biomarkers: 

susceptibility/risk, diagnostic, monitoring, prognostic, predictive, 

pharmacodynamic/response, and safety[120]. Biomarkers could be molecular or 

biochemical, radiographic features, histological features, or physiological 

characteristics[120]. The description of the biomarker must include the name, the 

source/tissue in which it is found, the outcome measure, and the analytical method 

employed to obtain its measurement[120]. Acceptable biomarkers include stand-alone or 

single biomarkers and/or a panel of biomarkers[120].  

The development of biomarkers occurs in three stages: (1) discovery, (2) validation, 

and (3) clinical qualification[121]. Biomarkers, themselves, can be classified into four 

categories: exploratory, demonstration, characterization, and surrogate level[122, 123]. 

Discovery and validation are preclinical steps that must be achieved to move into stage 

three for clinical qualification.  

The discovery phase can take a top-down or bottom-up approach. In the top-down 

approach, specific molecules are chosen as biomarkers based on known knowledge of 
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disease pathophysiology and assessed for their ability to predict disease. In the bottom-up 

approach, diseased biofluids are compared to healthy biofluids and candidate markers 

capable of distinguishing between groups are identified as potential biomarkers. The 

validation phase verifies the analytical method used to measure the biomarker (i.e. 

precision, accuracy, stability) and correlates the biomarker to the clinical outcome (i.e. 

OA). The work herein focuses on the biomarker discovery stage using a bottom-up 

approach in search of biomarkers of OA in human SF. 

Biomarkers in the preclinical phases—discovery and validation—are considered 

exploratory biomarkers[123]. The clinical qualification phase demonstrates and confirms 

the clinical relevance of the biomarker in the context of use through both preclinical 

studies and clinical trials. Biomarkers in the clinical qualification phase that are 

correlated to a clinical outcome are at the demonstration level[123]. If that demonstration 

is reproducible in a variety of clinical trials, it moves up to characterization level. The 

highest qualification of a biomarker is a surrogate in which that biomarker can be a 

substitute for some clinical endpoint of disease. In the context of OA, the clinical 

endpoint is usually joint space narrowing measured by radiography. There are currently 

no surrogate biomarkers of OA.  

Biomarker discovery for OA has received considerable interest due to the lack of 

available tests for early diagnosis and tracking disease progression. A number of studies 

have attempted to identify biomarkers of OA in the exploratory phase, focusing on 

imaging markers or biochemical markers in blood plasma, urine, or synovial fluid 
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(SF)[124]. However, none of the biomarkers identified have been validated for use in the 

clinic[125-127].  

Imaging markers of OA have been studied using radiography (X-rays), magnetic 

resonance imaging (MRI), and ultrasound (US) imaging methods[128-130]. Radiography 

is the current tool for diagnosing OA, but radiographic features of OA occur slowly over 

time, making it difficult to employ for early diagnosis[131]. US imaging has also been 

used for visualization and grading of the progression of knee OA, but is very operator 

dependent[130]. Quantitative MRI’s ability to evaluate changes in cartilage volume and 

thickness throughout disease progression has made it an increasingly promising 

diagnostic method. However, its clinical use is limited by high cost, availability, and a 

lack of a validated international score[128]. Furthermore, by the time structural cartilage 

deterioration is present in clinical imaging, it is likely that cartilage damage has 

progressed beyond capacity for repair. 

Alternatively, biochemical markers have been studied using a variety of ‘omics’ 

technologies including genomics[132-134], transcriptomics[135-137], proteomics[135, 

138-140], and metabolomics[125, 140-150]. Recently developed, metabolomics is a 

promising ‘omics’ method for biochemical biomarker discovery because changes in the 

metabolome occur in real-time and integrate the overall biological response from changes 

in the genome, transcriptome, and proteome. Metabolic perturbations in blood plasma, 

urine, and SF from humans and animals with OA have been analyzed using nuclear 

magnetic resonance (NMR) spectroscopy, liquid chromatography-mass spectrometry 

(LC-MS), and gas chromatography-mass spectrometry (GC-MS).  
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A number of potential exploratory biomarkers of OA have been identified using 

metabolomics in human samples. Recent OA biomarker studies using metabolomics 

found that the ratio of valine and leucine to histidine and depleted arginine levels were 

capable of discriminating OA from controls in blood plasma[147, 149]. Alanine, N,N-

dimethylglycine, glycolate, hippurate, histidine, and trigonelline were also identified as 

biomarkers for discriminating obese patients with radiographic progression of OA from 

controls in urine[151]. Malate, ethanolamine, squalene, glycerol, myristic acid, oleic acid, 

lanosterol, heptadecanoic acid, and capric acid were identified as significant metabolites 

in discriminating early- and late-stage OA in SF, but no classification test was done to 

determine the diagnostic value of these metabolites as biomarkers of early OA[144]. 

Most recently, glutamine, 1,5-anhydroglucitol, gluconic lactone, tyramine, threonine, and 

8-aminocaprylic acid were identified as biomarkers of OA in SF[150].  

The search for OA biomarkers presents many challenges. The definition of OA 

has recently shifted from a wear-and-tear disease to a disease of the whole joint. This 

incomplete understanding of disease pathophysiology makes it difficult to target specific 

pathways of interest or understand the role of identified biomarkers in disease 

pathogenesis. OA is also a heterogeneous disease, which present another challenge for 

OA biomarker discovery. Patients may exhibit different phenotypes of OA, which may 

lead to the discovery of distinct biomarkers for each phenotype. However, no 

comprehensive catalog of OA phenotypes exists to date, making it difficult to know if 

sample populations reflect all phenotypes of OA. Another major challenge is the lack of a 

meaningful clinical endpoint for OA. The current clinically accepted endpoint is joint 
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space narrowing, which does not always correlate well with disease progression, 

presenting a major challenge in determining the efficacy of biomarkers as a surrogate 

endpoint. Despite these challenges, OA biomarkers would be instrumental for early 

diagnosis, tracking disease progression, and determining treatment effectiveness. 

 
Osteoarthritis Interventions and Treatment 
 

The American College of Rheumatology (ACR), Osteoarthritis Research Society 

International (OARSI), and the American Academy of Orthopedic Surgeons (AAOS) 

have developed clinical guidelines for the management of OA[10, 152-154]. OA 

treatment options can be classified into four categories: nonpharmacologic, 

pharmacologic, complementary and alternative, and surgical[115]. These treatment 

options aim to manage pain, maintain or improve functionality, reduce disability, 

improve quality of life, and prevent progression of disease[153]. Treatment options range 

from nonpharmacologic to surgical as disease progresses. All patients receive some type 

of nonpharmacologic and pharmacologic treatment prior to (if necessary) joint 

replacements as the end-stage surgical treatment option.  

 
Nonpharmacologic Interventions. Nonpharmacologic interventions typically 

consist of therapeutic exercise regimes to reduce pain and improve range of motion. 

Land-based aerobic exercises (i.e. jogging, walking, yoga), aquatic aerobic exercises (i.e. 

hydrotherapy), and strengthening exercises are the most common types of exercise 

prescribed to OA patients[155-158]. Evidence supports these various types of exercise for 

improving pain and function[155-159]. The beneficial effects of exercise are comparable 
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to analgesics and oral nonsteroidal anti-inflammatory drugs for management of OA 

pain[159]. Exercise has fewer side effects than pharmacologic interventions and is 

effective in the prevention of a variety of comorbidities associated with OA[159, 160]. 

Importantly, adherence to prescribed exercise regimes is critical to its success, with 

strategies that maximize long-term adherence (i.e. physical therapy) associated with 

greater success in reducing pain and improving functionality[159].   

 
Pharmacologic Interventions. Pharmacologic treatment of OA mainly includes 

analgesics. Acetaminophen and nonsteroidal anti-inflammatory drugs (NSAIDs) are 

typically the first two drugs prescribed to treat mild OA[152, 161]. Opioids are 

sometimes prescribed if the patient has not had success with pain relief while taking 

acetaminophen or NSAIDs[162]. Intra-articular corticosteroid injections provide four to 

eight weeks of pain relief. However, typical standards of care do not exceed four 

injections per patient annually[163]. Injections of hyaluronic acid are also administered 

and are sometimes associated with longer duration of relief than corticosteroids[164].  

 
Complementary and Alternative Medicine. Complementary and alternative 

medicine includes supplements for pain relief and increased joint function. Glucosamine 

and chondroitin are the two most common supplements used for OA. The 

Glucosamine/Chondroitin Arthritis Intervention investigated the effect of glucosamine 

alone, chondroitin alone, and combination of glucosamine, chondroitin, and NSAIDs on 

more than 1500 patients. They found that the chondroitin and glucosamine combination 

was effective for pain management and joint function in moderate to severe OA[165]. 
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Another study found that chondroitin alone was not beneficial for knee or hip OA[166]. 

Another supplement that has some evidence for improved functionality in OA is S-

adenosylmethionine, whose effectiveness is comparable to NSAIDs[167]. 

 
Surgical. Surgical interventions are reserved for patients with end-stage disease 

who failed nonsurgical regimes. If pain and limited functionality continue, total joint 

arthroplasty (TJA) is the most effective treatment for severe OA. One study reported that 

patients with knee OA wait an average of 13 years for a total knee arthroplasty 

(TKA)[10]. A number of studies have demonstrated that total hip arthroplasty (THA) and 

total knee arthroplasty (TKA) result in substantial improvements in pain, functionality, 

and health-related quality of life. However, implants are not permanent. Prosthetic joints 

have an average lifespan of 15-20 years, with revisions likely if patients receive an initial 

TJA prior to 60 years of age[168]. Revisions, however, may be necessary for other 

reasons such as implant loosening, infection, ligament instability, stiffness, or 

periprosthetic fracture[169]. 

 
Mechanotransduction 
 

Specific exercise regimes may pull from an understanding of joint 

mechanotransduction as a therapeutic intervention to slow or reverse OA progression. 

Mechanotransduction is the transduction of mechanical stimuli into biological responses. 

This allows cells the ability to adapt to their surrounding physical environment. Joints are 

subject to repeated physiological loading. Thus, the microenvironment in the joint is 

highly specialized to accommodate these repeated mechanical forces. The human gait is 



 
 

 
 

33 

 
 

approximately 1 Hz, whereas running or jumping increases loading components of 

human gait to upwards of 140 Hz with contact pressures of 18 MPa[170]. Given an 

average human gait of 1 Hz, walking for 1 hour will load each joint 1800 times, reaching 

contact pressures of 5-6 MPa[171]. The forces experienced while walking can reach up to 

10 times an individual’s body weight[171]. The articular cartilage, specifically, 

experiences millions of loading cycles during normal physiological loading, further 

supporting the specialized microenvironment in the joint[172-174]. Normal physiological 

loading is crucial for maintenance of the articular cartilage and bone. Disruption of 

normal mechanotransduction could lead to alterations in cellular or extracellular 

mechanics and lead to the development of disease[175]. Therefore, recent research has 

sought to investigate the mechanobiological factors at play in OA pathogenesis.  

 
 Chondrocyte Mechanotransduction. A number of studies have investigated 

articular chondrocyte mechanotransduction in the context of OA. Dynamic compression 

of chondrocytes has been shown to activate a number of enzymes including Rho-A, Erk-1 

and 2, MAPK and SEK, and Smad2, demonstrating chondrocyte sensitivity to mechanical 

stimuli[176-179]. Other studies have focused on how chondrocytes transduce mechanical 

loads into metabolic changes[180-183]. Dynamic compression of SW1353 

chondrosarcoma cells resulted in a transient increase in ratios of NADP+ to NADPH after 

15 minutes of loading and continuous decrease in the ratio of GDP to GTP with 30 min 

of loading, suggesting energy flow into the tricarboxylic acid (TCA) cycle[180]. Primary 

human chondrocytes cyclically compressed for 20 minutes exhibited increased 

expression of aggrecan and decreased expression of MMP-3[184]. This response was 
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attenuated in primary chondrocytes harvested from human OA cartilage, demonstrating 

altered mechanotransduction in OA chondrocytes[184]. Similar dynamic compression of 

primary human chondrocytes also resulted in altered central energy metabolism[181]. It 

is well established that surrounding matrix stiffness influences cell mechanotransduction. 

In OA, decreases in PCM stiffness correlate with disease progression[185, 186]. One 

study found cyclically compressed primary chondrocytes seeded in low- and high-

stiffness agarose constructs resulted in distinct mechanosensitive pathways, suggesting 

that surrounding matrix stiffness may play a role in altered chondrocyte 

mechanotransduction during OA[182].   

 
 Bone Mechanotransduction. Mechanical loading is essential for maintaining bone 

homeostasis[187]. Similar to the articular cartilage, a lack of physiological loading can 

result in bone loss. Disuse accelerates bone remodeling in which the balance between 

bone resorption and formation is disrupted and resorption dominates, resulting in bone 

mass loss[187]. However, overuse or altered joint biomechanics can also cause 

accelerated bone remodeling and bone loss[187]. Studies have shown that different bone 

cells—osteocytes, osteoblasts, and osteoclasts—exhibit distinct 

mechanotransduction[188]. Osteocytes, for example, respond to fluid flow, but not 

directly to mechanical strain[189, 190]. Osteocytes subject to fluid shear stress release 

inflammatory mediators, including prostaglandins and nitric oxide[190]. Osteoblasts 

respond to mechanical stimuli directly with increased expression of matrix proteins, 

changes in the integrin-ECM interactions, and changes in links between cadherin proteins 

between cells[191].  
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Altered bone mechanotransduction is also found in OA[192]. In a mouse model of 

OA, osteoclast-derived TGF-b1 was elevated in subchondral bone in response to altered 

biomechanics in an OA joint. Furthermore, TGF-b1 inhibition prevented cartilage 

degradation, whereas transgenic expression of TGF-b1 in osteoblasts led to the 

development of OA[193]. As mentioned above, altered bone remodeling is commonly 

found in OA. The bone is known to respond to mechanical stimuli by remodeling, which 

could suggest that altered bone mechanotransduction is contributing to OA pathogenesis. 

Bone mechanotransduction in OA has been less studied than chondrocyte 

mechanotransduction, with further studies needed to elucidate its role in OA. 

 
 Synovial Fluid Mechanotransduction. Mechanical loading elicits 

mechanosensitive effects in the SF, although these effects have not been studied to the 

extent of chondrocyte or bone mechanotransduction[194]. One study found that acute 

exercise in females with diagnosed OA had increased levels of IL-10 in their SF 

compared to non-exercised cohorts[195]. In another study, rabbit knees were cyclically 

loaded, resulting in an increase of HA secretion compared to sedentary controls[196]. 

Intra-articular HA injections are sometimes administered to OA patients to manage pain 

and improve functionality[115]. The aforementioned study provides some evidence for 

cyclically loading joints to increase HA in the joint for pain management and improved 

functionality[153]. Additional studies are needed for further understanding of SF 

mechanotransduction.  
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Metabolomics 
 
 

Metabolomics quantifies small molecular weight molecules present in a biological 

system. With this information, it can generate a functional analysis of the metabolite 

network. Metabolomics has a number many advantages over the complementary omics 

fields, proteomics and transcriptomics. First, the metabolome is the downstream result of 

changes in the genome, transcriptome, and proteome, thus amplifying the metabolome 

relative to these changes[197, 198]. Second, the metabolome is also controlled by post-

transcriptional and post-translational modifications[197, 198]. Last, changes in the 

metabolome are much more dynamic and can occur on a time scale of seconds as 

opposed to the much longer time scales of minutes to hours for transcriptomics 

changes[197, 198]. This leads to increased sensitivity than other omics fields and a more 

accurate depiction of the phenotype of a system[197].  

Scientists have employed metabolomics to solve a wide variety of research 

questions. Because metabolomics allows for a rapid quantification of the physiological 

state of the cell, it has been commonly used to determine phenotypes and specific 

biomarkers of disease states[198]. These key markers of disease can highlight specific 

metabolic pathways that may be implicated in disease pathogenesis and could provide 

avenues for therapeutic drug targets[198]. More recently, metabolomics has been used to 

track disease progression and evaluate treatment effectiveness[198].  

Current metabolomics strategies can be divided into two main approaches: 

targeted and untargeted metabolomics methods. Targeted approaches restrict the analysis 

to a specific subset of metabolites. Untargeted, also known as global, approaches analyze 
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the entire metabolome in a given sample. Targeted approaches are advantageous in that 

the metabolite identification is much more specific and with greater confidence in the 

assignment of metabolite identity than the global approach. This is because the targeted 

approach uses metabolite standards for comparison to confidently match the metabolite 

feature with a known identity. There are currently no comprehensive standards libraries 

for the entire cellular metabolome, making it difficult to confidently assign metabolite 

identities to all metabolite features detected in a sample analyzed with a global 

metabolomics approach. However, targeted approaches focus on only a subset of 

metabolites of interest, overlooking the remainder of the metabolome. The ability of 

global metabolomics to analyze all measurable metabolites in a sample in an unbiased 

manner is a major advantage to this approach.   

 
Mass Spectrometry 
 

Nuclear magnetic resonance (NMR) spectroscopy and mass spectrometry (MS) 

are the two most commonly employed techniques for metabolomics analyses[199]. While 

NMR has minimal sample preparation and confident metabolite identification, it suffers 

in sensitivity in comparison to MS[199, 200]. A major advantage of MS instruments is 

the variability of the three main components: the ion source, mass analyzer, and mass 

detector[201]. Similarly, MS instruments can be combined with chromatography 

techniques to enhance the separation of metabolites prior to reaching the mass 

spectrometer. Taken together, these characteristics make MS the most promising and 

favorable approach for rapid analysis of metabolites. The MS used for this work was an 

electrospray quadrupole-time-of-flight mass spectrometer (ESI Q-TOF MS).  
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Mass spectrometers analyze metabolites using three main components: the 

ionization source, mass analyzer, and mass detector. A sample enters the mass 

spectrometer, the analytes in the sample are given a charge, the charged molecule travels 

through a mass analyzer, and is subsequently detected by the mass detector (Fig. 1.11). 

The analytes in a given sample are ionized by the ionization source, with the most 

common source for metabolomics analyses being electrospray ionization (ESI). ESI 

allows a continuous introduction of a solution into the mass spectrometer, making it 

conducive to interfacing with liquid chromatography methods. ESI creates primarily 

singly charged small molecules (positive or negative) by producing a spray of highly 

charged droplets in the presence of an electric field. Gas and or heat are applied to the 

highly charged droplets, causing evaporation of the solvent and a decrease in size of the 

droplet. This causes an increase in charge density and Coulombic repulsion between 

charges occurs, exceeding the surface tension and ejecting singly charged ions to be 

directed to the mass analyzer. Small molecules, such as metabolites, typically receive a 

single charge making molecular weight calculations simple.  

 
 

 
Figure 1.11. Simple schematic of a mass spectrometer. The sample inlet (A), the 
ionization source (B), the mass analyzer (C), and the detector (D). The output data are 
total ion chromatograms (D). 
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Once ionized, the masses of the molecules are determined by the mass analyzer. 

There are a variety of different mass analyzers including quadrupoles, quadrupole ion 

traps, time-of-flight (TOF), and quadrupole time-of-flight (Q-TOF). The most common 

mass analyzers used for metabolomics are Q-TOFs and triple quadrupoles (QQQs). 

Quadrupoles are connected to both a radio frequency (RF) generator and direct current 

(DC) potential. By varying the RF fields, quadrupoles are capable of separating ions 

based on their mass-to-charge ratios (m/z). At a specific RF field, quadrupoles are 

capable of scanning for a specific m/z value because ions of other m/z values are unstable 

at that superimposed RF field. Ions from the quadrupole are then directed to the TOF 

mass analyzer in which a group of ions travel through a tube towards the mass detector 

with the same amount of kinetic energy. Smaller ions will reach the mass detector first 

due to their small mass yielding a greater velocity. Therefore, the mass is determined 

based on the time it takes to reach the detector. The majority of TOF mass analyzers also 

contain an electrostatic mirror at the end of the tube to increase the distance the ions 

travel, allowing for greater separation of flight times prior to reaching the detector and 

increasing the resolving power. These types of TOF mass analyzers are termed 

reflectrons.  

  The detector records the m/z measured in the mass analyzer as well as the 

intensity of that molecule. The most common detector is the electron multiplier. It is 

made up of 12 to 24 aluminum oxide dynodes of increasing potential. As ions strike the 

first dynode, there is an emission of electrons that is subsequently amplified by striking 

the next dynode in the series creating a cascade of electrons whose current is detected.  
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The data generated by the MS over the entire scan of a sample are total ion 

chromatograms (TIC) (Fig. 1.12). When the ions hit the detector, the readout consists of a 

peak for each ion with an m/z, relative abundance (intensity), and elution time (Fig. 

1.12). The TIC is a collective chromatogram of all mass spectral peaks in a scan with the 

elution time on the x-axis and intensity on the y-axis. There is an individual mass 

spectrum for each time point in the TIC, consisting of the m/z on the x-axis and intensity 

on the y-axis (Fig. 1.12).  

 
 
A 

 
B 

 
Figure 1.12. Output data generated by MS. (A) Total ion chromatogram (TIC) and (B) 
corresponding mass spectrum for a single time point called an extracted ion 
chromatogram (A) The TIC for a specific sample illustrates the analytes (peaks) that 
eluted from the LC at each time point for the entire course of the scan. This scan was 15 
minutes. The TIC has time points on the x-axis, and intensities on the y-axis. (B) The 
mass spectrum for a single time point. For this spectrum at the 1 minute time point, the 
corresponding analytes detected are the peaks (m/z values on x-axis and above peaks) 
and the heights are the intensities (y-axis).  
 
 

 Chromatography. MS instruments are suitable for interfacing with 

chromatography techniques for greater coverage of molecules in a sample.  Depending on 
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the sample or molecules of interest, different chromatography methods should be 

employed. Chromatography involves the separation of molecules in a sample on a 

column in which the column packing material is the stationary phase and the mobile 

phase is the gas or liquid moving through the column. Chromatography coupled to MS 

provides a number of advantages including reduced risk of ion suppression and 

increasing the number of molecules detected in a sample by separating them on a column 

prior to reaching the mass spectrometer[201].  

The separation or resolving power of chromatography methods is dependent on three 

main factors: retention, selectivity, and efficiency. Retention is how long the molecule is 

retained or held on the chromatography column. Selectivity is an indication of how well 

molecules will separate, with greater selectivity indicative of greater separation. 

Selectivity is dependent on column materials and specific solvents. Efficiency is the 

partitioning of a molecule between the stationary phase and mobile phase on what are 

called theoretical plates. The column is divided into imaginary theoretical plates. A 

greater number of theoretical plates will result in a higher efficiency and narrower peaks. 

The efficiency can be calculated by dividing the column length by the theoretical plate 

height.  

 
 Gas Chromatography. The two main chromatography techniques used for 

metabolomics are gas chromatography (GC) and liquid chromatography (LC). In GC, a 

sample is vaporized and enters a gaseous mobile phase of a carrier gas such as helium or 

nitrogen. The molecules are then separated between the gaseous mobile phase and the 

column’s stationary phase. The stationary phase in GC is typically some liquid or 
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polymer. GC is especially useful for small, nonpolar, volatile compounds but requires 

derivation for more polar compounds to make them sufficiently volatile.  

 
 Liquid Chromatography. In LC, the column is the stationary phase filled with 

solid packing material and the mobile phase is the liquid solvent that passes through it 

(Fig. 1.13). A sample is injected into the column on which it is retained until the mobile 

phase begins passing through. Changes in the mobile phase cause specific molecules to 

elute or come off the column. Depending on the properties of the stationary phase and 

mobile phase, molecules will elute at different times. Most LC systems in use today are 

high-performance LC (HPLC) or ultra-performance LC (UPLC). In these systems, the 

samples are pumped through a column at a high pressure. The most common LC systems 

used for metabolomics studies are normal-phase chromatography (NPC), reverse-phase 

chromatography (RPC), hydrophilic-interaction chromatography (HILIC), and 

hydrophobic-interaction chromatography (HIC).  
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Figure 1.13. Simple schematic of LC-MS. In this diagram, the analytes (red, blue, and 
yellow) are eluting over the course of 15 minutes.  
 
 

Normal- and Reverse-Phase Chromatography. NPC separates molecules based on 

polarity and employs a polar stationary phase and non-polar mobile phase. The stationary 

phase is typically some organic molecule (i.e. silica) and the mobile phase is any 

nonpolar solvent (i.e. hexane). In NPC, the polar molecules in a sample will bind more 

tightly to the polar column, whereas the nonpolar molecules will be pumped through the 

column because they are more attracted to the nonpolar solvent. The opposite is true for 

RPC, in which the column is packed with nonpolar molecules such as octadecyl carbon 

chain (C18)-bonded silica, and the mobile phase is a polar mixture of water and organic 

solvents (i.e. acetonitrile, methanol). In RPC, the polar molecules will elute first because 

they are more attracted to the polar solvent. The nonpolar molecules will be retained on 

the nonpolar column.  
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Hydrophilic- and Hydrophobic-Interaction Chromatography. HIC is similar to 

RPC in that the stationary phase is nonpolar and the mobile phase is polar. The column is 

packed with hydrophobic molecules as the stationary phase and some hydrophilic or 

aqueous solvent washes through the column as the mobile phase. However, the 

hydrophilic mobile phase becomes increasingly hydrophobic as an organic solvent is 

slowly added. In turn, hydrophobic molecules attached the hydrophobic stationary phase 

become more attracted to the increasingly hydrophobic mobile phase and elute in order of 

increasing hydrophobicity. This is called gradient separation. HILIC is the opposite of 

HIC, but similar to NPC (Fig. 1.14). The stationary phase is packed with hydrophilic 

molecules and the mobile phase is some nonpolar solvent. HILIC also uses gradient 

separation by increasing the hydrophilicity of the mobile phase through the addition of 

water (very polar) to the very nonpolar organic solvent. As the mobile phase becomes 

more and more polar by the addition of water, the polar molecules bound to the stationary 

phase are out-competed and elute. A HILIC column was used for the work herein (Fig. 

1.14). 
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Figure 1.14. Schematic of HILIC column chromatography. A HILIC column is filled 
with some hydrophilic packing material as the stationary phase, and the mobile phase is a 
nonpolar solvent. HILIC also uses gradient elution in which the nonpolar solvent (solvent 
B) starts at 100%, and the polar solvent (solvent A) is slowly introduced over the course 
of time. In this schematic, solvent A is water with 1% formic acid and solvent B is 
acetonitrile with 1% formic acid. The analytes are eluting by increasing polarity. The 
hydrophilic analytes are retained on the column longer than the hydrophobic analytes (i.e. 
yellow analyte is more hydrophobic than green and blue analytes).  
 
 

Liquid Chromatography-Mass Spectrometry. Liquid chromatography-mass 

spectrometry (LC-MS) was employed for metabolomics in this work. LC-MS has high 

sensitivity, can detect a large range of ions, and is suitable for complex biofluids due to 

its tolerance of salts. Additionally, it is high-throughput in nature, capable of detecting 

thousands of metabolite features in a single run. This extremely large dataset produced by 

LC-MS analysis is both valuable and challenging. It is valuable in that it generates a large 

amount of information for the creation of metabolomic profiles. On the contrary, the 

large multivariate dataset requires a significant amount of data mining to identify 

significant markers or changes between experimental groups. Another limitation to LC-
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MS is that MS is not inherently quantitative. The peak intensities do not directly correlate 

to a specific concentration of that molecule. Furthermore, there is no simple way to 

assign an identity to that detected feature. Advances in the field, however, have generated 

databases of monoisotopic masses, although these databases are not exhaustive making 

proper identification challenging if features lack reference MS spectra.  

 
Metabolomics Data Analysis 
 

LC-MS generates a very large, multivariate dataset providing substantial 

information. This requires an immense effort in data mining to identify relevant 

information. For the purposes of this work, metabolomic profiles are created from LC-

MS data to determine relative differences between two or more biological states. 

Multivariate analysis methods are necessary because of the large number of variables (i.e. 

detected features) in comparison to the smaller number of observations (i.e. samples), 

creating a collinearity problem[202]. A number of multivariate statistical methods are 

routinely employed for dimension reduction, visualization and quantification of 

differences between systems, and identifying specific features of interest for further 

analysis[202].  

Principal component analysis (PCA) and partial least squares-discriminant 

analysis (PLS-DA) are two multivariate statistical analyses that transform data into latent 

structures used to visualize and identify the differences between systems[202, 203]. PCA 

is an unsupervised method that linearly transforms the data into lower dimensions, while 

still retaining much of the variability in the dataset in an unbiased manner. PCA, 

however, is only effective when within-group variation is minimal compared to the 
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variation between groups. As an unsupervised method, PCA reveals any natural groups of 

samples. In contrast, PLS-DA is a supervised method that relies on the class membership 

of each observation to generate orthogonal PLS components. The latent structures formed 

by this transformation better expose separation between classes. Importantly, PLS-DA 

assigns a score for each metabolite feature that describes its discriminatory power in the 

PLS-DA model, known as Variable Importance in Projection (VIP). Thus, PLS-DA VIP 

is especially useful for identifying metabolite features of interest.  

Hierarchical cluster analysis (HCA) is another unsupervised multivariate method 

used for metabolomics datasets[203]. In HCA, the differences between observations or 

variables are quantified using some distance metric (i.e. Euclidean distance) and 

hierarchically merged into clusters. HCA is especially useful for metabolomics because it 

separates the observations and variables into clusters of similarity. For this work, HCA 

can be used to identify clusters of similar samples and/or clusters of metabolite features 

in an unbiased manner. HCA can be visualized with heatmaps to produce a clustergram. 

Clustergrams organize the observations and variables based on the HCA and assign 

colors to represent the relative measure of each variable. These clustergrams are 

commonly used as a visual representation of global metabolomics data[204]. 

Univariate statistical methods were also employed to identify specific differences 

between biological systems. One in particular, receiver operating characteristic (ROC) 

analysis was used to identify metabolite features of interest. ROC analysis is used to 

identify variables capable of correctly classifying between two groups. ROC analysis is 

commonly used in the clinical setting to determine the accuracy of a diagnostic test based 
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on the area under the receiver operating curve (AUC). A ROC curve is generated with the 

true positive rate (sensitivity) on the y-axis and false positive rate (specificity) on the x-

axis across the range of different AUC cut-offs to classify subjects (Fig. 1.15). An AUC 

of 1.0 indicates that that variable is capable of perfectly distinguishing between two 

groups. An AUC greater than 0.7 is typically considered acceptable for the diagnostic 

accuracy of a test, whereas an AUC of 0.5 is the equivalent of random chance[205]. For 

the purposes of this work, ROC analysis was used to identify metabolites that were 

capable of distinguishing between diseased and healthy states for biomarker discovery. 

 
 

 
 

Figure 1.15. Receiver operating characteristic curve. Example of a ROC curve for 
glycerol in a test dataset. The false positive rate is plotted on the x-axis, and the true 
positive rate is plotted on the y-axis. For glycerol, the area under the receiver operating 
curve (AUC) is 0.972.  
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Research Goals and Dissertation Outline 
 
 

The overall goal of my dissertation research was to use LC-MS-based global 

metabolomic profiling for further understanding of OA pathogenesis. It is well 

established that metabolic perturbations are associated with OA and thus, global 

metabolomics would provide insight into overall changes in the metabolome during OA. 

This research sought to further the understanding of OA in two areas: (1) OA metabolic 

phenotypes and specific biomarkers of disease, and (2) OA risk factors and therapeutic 

interventions.  

 
Osteoarthritis Biomarkers and Phenotypes 
 

The first area of research focused on the diagnosis of OA. OA is currently 

diagnosed when patients report joint pain and/or loss of function, typically well into the 

late stages of disease in which irreversible cartilage degeneration already exists. 

Biomarkers of OA would be beneficial for early diagnosis, tracking disease progression, 

and drug development.  

A number of studies have attempted to identify biomarkers of OA using 

metabolomics methods, but no reported OA biomarkers have been clinically validated 

[143, 145-147, 149, 151, 206-208]. Prior studies have analyzed a variety of human 

biofluids including urine, blood plasma, and SF in search of biomarkers of OA using 

untargeted and targeted GC-MS, targeted LC-MS, and 1H-NMR[143, 145-147, 149, 151, 

206-208]. To our knowledge, this is the first study to analyze human SF for biomarkers 

of OA using LC-MS-based global metabolomic profiling. Thus, two specific aims were 
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generated in search of OA biomarkers: (1) develop a method to create metabolomic 

profiles of human SF using LC-MS analysis to identify potential biomarkers of disease, 

and (2) apply this method to a large cohort of human SF from each grade of OA to 

identify metabolic phenotypes and discriminatory metabolites for OA.  

This first aim of the OA biomarkers and phenotypes research is addressed in 

Chapters 2 and 3, exemplifying the use of LC-MS-based global metabolomic profiling 

for biomarkers of OA. Metabolites were extracted from OA, rheumatoid arthritis (RA), 

and healthy SF and analyzed by LC-MS. The first objective, addressed in Chapter 2, was 

to apply this method to OA, RA, and healthy SF to create metabolomic profiles to reveal 

disease processes in OA SF. Furthermore, ROC analysis was employed to identify any 

candidate biomarkers of OA in human SF including various phospholipids and carnitine 

derivatives. The second objective of this aim, addressed in Chapter 3, was to expand on 

the RA versus healthy SF comparison, to confirm known disease processes and 

biomarkers to validate this method for biomarker discovery. The results of these studies 

provide metabolic phenotypes of OA, RA, and healthy SF and exemplified the use of LC-

MS-based global metabolomic profiling for biomarker discovery for OA.  

The second aim of the OA biomarkers and phenotypes research is addressed in 

Chapter 4. Metabolites were extracted from human SF from donors with OA grades 0-IV 

and analyzed by LC-MS. Global metabolomic profiles were created for healthy (grade 0), 

early OA (grades I-II), and late OA (grades III-IV) SF to generate phenotypes throughout 

disease progression. Natural clusters of donors in early and late OA were further 

investigated to identify phenotypes of OA within disease states (early and late OA). 
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Furthermore, specific metabolites capable of discriminating between disease states (early 

and late OA) were identified. The results of this study illustrate how metabolism changes 

throughout disease progression, generating metabolic phenotypes of each stage of OA, 

phenotypes of OA within stages of OA, and identifies discriminative metabolites in OA 

SF for future biomarker studies. 

 
OA Risk Factors and Therapeutic Interventions 
 

The second area of research is addressed in Chapters 5-7, focusing on OA risk 

factors and therapeutic interventions. OA risk factors age, obesity, physical activity, and 

joint trauma are all associated with aberrant metabolism. However, no study to date has 

investigated the effect of these OA risk factors in mouse SF to provide insight into how 

they may be contributing to the development of OA. Furthermore, no study has 

investigated potential therapeutic interventions to halt or reverse the metabolic 

perturbations to treat OA.  

The first aim focused on physical activity as a risk factor for OA and exercise as a 

non-pharmacologic therapy to manage OA. The objective of this aim was to evaluate the 

effect of acute physical activity on the metabolome of mouse SF. Exercise is a common 

non-pharmacologic intervention prescribed to manage OA prior to the end-stage joint 

replacements. The beneficial effects of exercise are not fully understood and have yet to 

be investigated in the context of small molecules. Therefore, we employed global 

metabolomic profiling to investigate acute changes in the SF metabolome from mice 

subject to one bout of wheel running. Global metabolomic profiles were created and 

mechanosensitive metabolic pathways and metabolites were identified. The results of this 
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study demonstrate how SF responds to acute exercise, providing insight into the 

potentially beneficial effects of exercise in the context of overall joint health.  

Chapter 6 addresses the second aim of the OA risk factors and interventions 

research. The second aim focuses on age and obesity as OA risk factors, and the effects 

of long-term exercise as a non-pharmacologic intervention. A previous study found that 

short-term exercise was capable of reducing the severity of OA in the medial femur in a 

high-fat (HF)-diet induced obese mouse model[209]. Thus, the first objective of this 

study was to determine if long-term exercise was protective in a similar HF-diet induced 

obese mouse model. Whole joints were harvested, histologically analyzed, and scored for 

OA severity. The second objective was to create metabolomic profiles of SF from aged 

and HF-diet induced obese mice to determine the metabolic perturbations associated with 

age and obesity as OA risk factors. The third objective was to identify potential 

biomarkers of obesity-associated OA in SF from a HF-diet induced obese mouse model. 

Candidate biomarkers were identified as in previous chapters. The final objective was to 

determine how long-term exercise altered the SF metabolome from aged, HF-diet 

induced obese mice. Global metabolomic profiling methodology was performed as in 

Chapters 2-5. The results of this study produced SF metabolic phenotypes of aging and 

obesity-associated OA, providing insight into the biochemical response to long-term 

exercise in the context of these risk factors, and identified biomarkers of obesity-

associated OA.  

The third aim, covered in Chapter 7, investigates joint trauma as an OA risk 

factor. Joint trauma leads to damaged tissue from the injury itself and secondary damage 
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from cellular responses to injury. These secondary responses include the production of 

proteases, such as MMPs, ADAMTSs, and inflammatory cytokines, which are driven by 

the transcriptional activation of early response genes. Thus, the first objective of this 

study was to investigate the acute changes in these cellular responses after joint trauma. 

To model PTOA, mice were subject to a non-invasive ACL-rupture and whole joints 

were harvested 1 hour after injury for metabolomics by LC-MS analysis. The second 

objective of this study was to determine the effects of a Cdk9 inhibitor, which prevents 

the transcription of early response genes, would prevent global changes in the injury-

induced metabolome. Subsets of injured mice were treated with Flavopiridol, a Cdk9 

inhibitor, immediately following injury and whole joints were harvested after 1 hour for 

global metabolomics. The results of this study provided a biochemical snapshot of 

cellular responses after injury and demonstrate the implications of inhibition of early 

response genes to alter these cellular responses after joint trauma.  
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APPLICATION OF GLOBAL METABOLOMIC PROFILING OF SYNOVIAL FLUID 
FOR OSTEOARTHRITIS BIOMARKERS 

 
 

Abstract 
 
 

Osteoarthritis affects over 250 million individuals worldwide. Currently, there are 

no options for early diagnosis of osteoarthritis, demonstrating the need for biomarker 

discovery. To find biomarkers of osteoarthritis in human synovial fluid, we used high 

performance liquid-chromatography mass spectrometry for global metabolomic profiling. 

Metabolites were extracted from human osteoarthritic (n=5), rheumatoid arthritic (n=3), 

and healthy (n=5) synovial fluid, and a total of 1233 metabolites were detected. Principal 

component analysis clearly distinguished the metabolomic profiles of diseased from 

healthy synovial fluid. Synovial fluid from rheumatoid arthritis patients contained 

expected metabolites consistent with the inflammatory nature of the disease. Similarly, 

unsupervised clustering analysis found that each disease state was associated with distinct 

metabolomic profiles and clusters of co-regulated metabolites. For osteoarthritis, co-

regulated metabolites that were upregulated compared to healthy synovial fluid mapped 

to known disease processes including chondroitin sulfate degradation, arginine and 

proline metabolism, and nitric oxide metabolism. We utilized receiver operating 

characteristic analysis to determine the diagnostic value of each metabolite and identified 

35 metabolites as potential biomarkers of osteoarthritis, with an area under the receiver 

operating characteristic curve > 0.9. These metabolites included phosphatidylcholine, 

lysophosphatidylcholine, ceramides, myristate derivatives, and carnitine derivatives. This 

pilot study provides strong justification for a larger cohort-based study of human 
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osteoarthritic synovial fluid using global metabolomics. The significance of these data is 

the demonstration that metabolomic profiling of synovial fluid can identify relevant 

biomarkers of joint disease. 

 
 

Introduction 
 

 
Osteoarthritis (OA) is the most common degenerative joint disease involving the 

breakdown of the extracellular matrix in cartilage. OA affects over 250 million 

individuals, with the majority being adults over the age of 65[1]. Currently, symptoms 

include joint pain and loss of function. Unfortunately, diagnosis at the onset of symptoms 

typically occurs after irreversible structural degeneration. Joint replacement is commonly 

utilized for advanced disease[1]. There are currently no available tests for diagnosing 

early OA or tracking its progression, demonstrating the need for biomarkers of OA. 

Previous studies have attempted identifying biochemical biomarkers in urine[2, 3], blood 

serum[4, 5], or joint synovial fluid (SF)[6-8] samples using proteomics, genomics, and 

most recently, metabolomics[2-7, 9, 10].  

Among the studies utilizing metabolomics for OA biomarker identification, many 

use urine and blood serum samples[2, 3, 5]. While obtaining a blood sample is less 

invasive than SF, metabolites from the diseased joint must move across the synovium 

prior to entering the serum for detection. This dilutes potential biomarkers and leaves 

them susceptible to potential degradation in the circulatory compartment. One study 

showed that the composition of metabolites and their corresponding concentrations were 
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altered in osteoarthritic SF[7]. The SF is also in direct contact with the diseased joint 

tissue, making it a promising candidate for biomarker discovery in OA. 

 Many studies have used 1H NMR for metabolite biomarker discovery[11]. While 

1H NMR has very little sample preparation and high reproducibility, it is mainly used for 

metabolites that exist in high concentrations due to sensitivity limitations[7]. 

Alternatively, mass spectrometry has a much higher sensitivity than 1H NMR and is 

inherently capable of detecting larger numbers of metabolites. Liquid chromatography 

coupled to mass spectrometry (LC-MS) shows great promise for analyzing complex 

biofluids such as SF because it provides chromatographic separation of these 

heterogeneous samples prior to reaching the mass analyzer.  

Here, we characterized global metabolomic profiles from SF of patients with 

various joint diseases using mass spectrometry. Metabolomic profiles of rheumatoid 

arthritis (RA) synovial fluid were used to validate the method by confirming established 

findings in RA. To our knowledge, this is the first study to perform LC-MS-based global 

metabolomic profiling of osteoarthritic SF for biomarker discovery. The long-term goal 

of this research is to identify biomarkers of OA phenotypes for earlier diagnosis and 

quantification of disease progression. The objective of this study was to evaluate global 

LC-MS-based metabolomic profiles as a tool for quantifying biomarkers within SF. We 

hypothesized that (1) RA profiles would be distinct from OA with RA showing increases 

in inflammatory metabolites and (2) OA patients would exhibit diverse metabolomics 

profiles suggesting distinct disease phenotypes that correlate with clinical symptoms.  
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Methods 
 
 
Patients and Synovial Fluid Samples 

 
OA (n=5) and RA (n=3) SF samples were obtained under IRB approval. Healthy 

SF samples (n=5) were purchased from Articular Engineering (Northbrook, IL) post 

mortem with partial clinical data including age, gender, race, and cause of death. All 

samples were frozen at -80˚C after harvest until analysis. 

 
Metabolite Extraction 

 
Metabolites were extracted from 100 µL of SF prior to analysis by LC-MS. 

Samples were thawed on ice for 3-5 minutes prior to centrifuging at 4˚C at 500 x g for 10 

minutes to remove cells and debris. The supernatant was collected and evaporated, and 

dried samples were re-suspended in 100 µL of 50:50 water:acetonitrile. 500 µL of 

acetone was added and the sample was mechanically shaken for 3 min to precipitate 

polymers. The samples were then refrigerated for 10 minutes prior to centrifuging at 

16100 x g for 5 min. The supernatant was transferred to a new tube and further 

evaporated to remove acetone. The remaining sample volume was doubled with 

acetonitrile for a final 50:50 water:acetonitrile LC-MS injection buffer.  

 
Metabolomic Profiling and Data Processing 

 
Metabolites extracted from SF samples were analyzed using an Agilent 1290 

UPLC system connected to an Agilent 6538 Q-TOF mass spectrometer (Agilent, Santa 

Clara, CA). The samples were run in normal phase, using a Cogent Diamond Hydride 

HILIC 150 x 2.1 mm column (MicroSolv, Eatontown, NJ). The HPLC solvents used 
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were 0.1% formic acid in water (solvent A) and 0.1% formic acid in acetonitrile (solvent 

B). The elution gradient consisted of 100 to 25% solvent B over 13 minutes, and each run 

began with 2 minutes wash (15 minutes total run time).  

Metabolite detection was performed in positive mode with a resolution of ~20,000 

and accuracy of ~5 ppm. Agilent MSConvert converted data from Agilent’s proprietary 

file format, .d files, to mzXML files to filter data in MZMine 2.14 for retention time, 

noise level, and peak detection[12]. An intensity threshold of 1000 was applied to detect 

peaks above the noise. The processed chromatograms were then normalized and aligned 

for metabolite (m/z value) detection. Metabolites with median intensity values of zero 

across the OA, RA, and healthy datasets were removed from the analysis. To identify the 

metabolites, untargeted metabolite mass to charge (m/z) values were loaded into 

METLIN, a database containing over 80,000 metabolites[13]. The batch search used a 

mass tolerance of 15 parts per million (ppm), including positively charged molecules 

with +1H+ or +1Na+ adducts but excluding peptides, toxins, and drugs. All m/z values 

detected were crosschecked against our library of metabolite standards. To confirm 

metabolite identities, both m/z value and retention time had to match within a m/z value 

tolerance of 0.01 or 30 ppm and retention time tolerance of 0.25 minutes[14]. 

 
Statistical Analyses 

 
Statistical analysis was performed in Matlab (Mathworks, Natick, MA USA). To 

identify metabolites differentially expressed between OA, RA, and healthy SF, we used 

Student’s t-tests and one-way analysis of variance (ANOVA) with false-discovery rate 

(FDR) corrections at a significance level of 0.05. Additionally, we used volcano plots to 
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visualize metabolites significantly upregulated and downregulated in OA or RA in 

comparison to healthy SF[15]. The negative log10 of the p-value (y-axis) for each m/z 

value and the fold change (log2(ratio)) of the median intensity between disease state and 

healthy SF (x-axis) were plotted against one another to yield both significance and 

magnitude of change. M/z values with zero intensity for either group were excluded from 

the volcano plot analysis.  Principal component analysis (PCA) was applied to fold 

change normalized, log-transformed metabolites to examine sources of underlying 

variation in the dataset. To visualize the unique metabolites in each dataset, we created a 

scatterplot of median metabolite intensities from each group against one another (+/- 

standard deviation). Where applicable, error bars show standard error. 

Hierarchical cluster analysis (HCA) was used to provide a visual representation of 

global metabolomic profiles and co-regulated metabolites. Co-regulated metabolites 

within clusters were identified using METLIN and subsequently analyzed for pathway 

enrichment using IMPaLA[16]. Based on the metabolites in those clusters, IMPaLA 

identifies potential pathways implicated by over-representation analysis using established 

biochemical pathway databases (i.e. KEGG, Reactome, HumanCyc, etc.). 

Potential biomarkers were determined using receiver operating characteristic 

(ROC) analysis. By analyzing the area under the receiver operating curve (AUC), we 

identified metabolites that could accurately classify between two cases, such as OA and 

healthy. We focused on metabolites with an AUC>0.9 as potential biomarkers.  
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Results 
 
 
Metabolomic Profiling of Osteoarthritis, Rheumatoid Arthritis,  
and Healthy Synovial Fluid 
 

We detected a total of 1233 metabolite features across all OA, RA, and healthy SF 

samples using LC-MS analysis. HCA of all metabolites in OA, RA, and healthy SF 

demonstrated that OA and RA have more similar metabolomic profiles than healthy SF, 

as indicated by the dendrogram (Fig. 2.1A). PCA of all three datasets revealed clear 

separation between diseased and healthy SF metabolomic profiles, with the first two 

principle components associated with 52.1% of the total variation (PC1=34.2%, 

PC2=17.9%, Fig. 2.1B). 26 metabolites were significantly different between OA, RA, 

and healthy SF as determined by one-way ANOVA (pfdr <0.05). 15 metabolites were 

confidently identified by both m/z value and retention time using our library of standards, 

with 6 of these being significantly different (pfdr<0.05). Citric acid, D-lactic acid methyl 

ester, hydroxyl-L-proline, L-isoleucine, and L-methionine were significantly upregulated 

in healthy SF in comparison to diseased. In contrast, L-citrulline was significantly 

upregulated in OA over both RA and healthy SF.   
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Figure 2.1. Global metabolomic profiles of diseased (OA and RA) SF are distinct from 
healthy SF. (A) Clustered heatmap of median metabolite intensities from healthy (n=5), 
OA (n=5), and RA (n=3) SF. 1233 metabolites, represented by the rows in this heatmap, 
were detected in human SF. Dendrogram of HCA demonstrates that OA and RA 
metabolomic profiles are more similar to one another than healthy SF. (B) PCA of 
metabolite intensities in OA, RA, and healthy SF, comparing PC1 (34.2%), PC2 (17.9%), 
and PC3 (11.1%). PCA shows clear discrimination between diseased and healthy 
metabolomic profiles.  
 

 
Metabolomic Profiles of OA Synovial Fluid  
 

1098 metabolites were detected in OA and healthy SF. 58 metabolites were 

significantly different between OA and healthy SF (pfdr<0.05). HCA was performed on 

all 318 significantly different metabolites without FDR corrections to remain consistent 

with the RA and healthy analysis (Supplemental Figure 2.1). HCA showed 2 distinct 

clusters of co-regulated metabolites, with cluster 2.1 containing 132 metabolites 

downregulated in OA and cluster 2.2 containing 186 metabolites upregulated in OA (Fig. 
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2.2A). Enrichment of cluster 2.1 identified similar pathways as cluster S1.1 (metabolites 

downregulated in healthy compared to RA) in Supplemental Figure 2.1A, including 

purine metabolism, tRNA charging, and gene expression. Enrichment of cluster 2.2, 

however, yielded arginine and proline metabolism, chondroitin sulfate degradation, 

amino oxidase reactions, COX reactions, and creatine biosynthesis (Supplemental Table 

2.1, Supplemental Table 2.6).  

PCA showed clear separation between OA and healthy SF, with the first two 

principle components (PC1=35.4%, PC2=22.9%) associated with 58.3% of the variation 

(Fig. 2.2B). Of the 1098 metabolites detected in OA and healthy SF, 390 metabolites 

were exclusively detected in OA SF and 301 metabolites were exclusively detected in 

healthy SF (Fig. 2.2C). Volcano plot analysis identified 76 metabolites upregulated and 

28 metabolites downregulated in OA, with a p-value<0.05 and fold change>2 (Fig 2.2D). 

Enrichment of these metabolites yielded similar pathways implicated in clusters 2.1 and 

2.2 (Supplemental Table 2.2). Heatmap clustering, PCA discrimination, scatterplot 

visualization, and volcano plot analysis clearly demonstrate that OA and healthy SF 

represent distinct populations with phenotypic differences.  
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Figure 2.2. OA and healthy SF exhibit distinct metabolomic features. (A) Clustered 
heatmap of OA (n=5) and healthy (n=5) SF median metabolite intensities (H=healthy). 
1098 metabolites were detected in OA and healthy SF, with 318 being significantly 
different as represented in this heatmap. Clusters of co-regulated metabolites are outlined 
in black and labeled as 2.1 and 2.2. Cluster 2.1 contains 132 metabolites downregulated 
in OA and cluster 2.2 contains 186 metabolites upregulated in OA. (B) PCA of OA and 
healthy SF metabolite intensities. PC1 (35.4%), PC2 (22.9%), and PC3 (9.3%) were 
associated with 67.6% of the variation within the dataset. Comparison of PC1, PC2, and 
PC3 show clear separation between OA and healthy SF metabolomic profiles. (C) 
Scatterplot comparing OA and healthy metabolite intensity levels (A.U.=Arbitrary Units). 
301 metabolites were exclusively detected in OA SF (blue) and 290 metabolites were 
exclusively detected in healthy SF (red). (D) Volcano plot of OA and healthy SF, plotting 
the –log(p-value) against the fold change (log2(ratio)) of individual metabolites. Vertical 
dashed lines mark the twofold change and the horizontal line marks the cutoff p-value of 
0.05. Metabolites in the upper right and left quadrants represent metabolites with a p-
value less than 0.05 and a greater than twofold change. 76 metabolites were significantly 
upregulated in OA (upper right quadrant) and 28 metabolites were significantly 
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downregulated in OA (upper left quadrant) in comparison to healthy (p-value<0.05; fold 
change>2).   
 
 
Differences Between Pathological and Healthy Synovial Fluid 

 
OA and RA metabolite intensities were normalized to healthy SF to determine 

how metabolomic profiles of SF change with disease. HCA of the normalized metabolites 

exhibited distinct clusters of co-regulated metabolites (Fig. 2.3A). Cluster 3.1 included 

276 co-regulated metabolites downregulated in diseased compared to healthy (Fig. 2.3A). 

These metabolites mapped to SLC-mediated transport, gamma-glutamyl cycle, tRNA 

aminoacylation, and various amino acid transporters (Supplemental Table 2.1, 

Supplemental Table 2.7). Cluster 3.2 included 258 co-regulated metabolites upregulated 

in OA in comparison to healthy and RA (Fig. 2.3A). These metabolites mapped to 

creatine biosynthesis, alpha-linolenic acid metabolism, galactose metabolism, vitamin B6 

metabolism, chondroitin sulfate degradation, arginine biosynthesis, urea cycle, and nitric 

oxide metabolism (Supplemental Table 2.1, Supplemental Table 2.7). Cluster 3.3 

included 305 co-regulated metabolites upregulated in diseased compared to healthy (Fig. 

2.3A). These metabolites mapped to phospholipid biosynthesis, mTOR signaling, 

arginine and proline metabolism, organic cation transporters, synthesis of PS, acyl chain 

remodeling, glycerophospholipid metabolism, and phosphatidylcholine biosynthesis 

(Supplemental Table 2.1, Supplemental Table 2.7). Cluster 3.4 included 152 co-regulated 

metabolites upregulated in RA over healthy and OA, mapping to histidine, lysine, 

phenylalanine, tyrosine, glycine, proline, and tryptophan metabolism, ibuprofen 

metabolism, steroid biosynthesis, glucocorticoid and mineralocorticoid metabolism, 
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alpha-linolenic acid metabolism, and leukotriene biosynthesis (Supplemental Table 2.1, 

Supplemental Table 2.7). Select metabolites implicated in each cluster are displayed in 

Figure 2.3B.  

  
Figure 2.3. Metabolomic profiling reveals features of each disease state with co-regulated 
metabolites upregulated or downregulated in comparison to healthy SF. (A) Clustered 
heatmap of 1233 median metabolite intensities normalized to healthy. Four clusters of 
interest were identified as clusters 3.1-3.4, with co-regulated metabolites upregulated or 
downregulated in OA and RA. (B) Bar graphs of median metabolite intensities +/- 
standard deviation (A.U. = arbitrary units, N.D. = not detected) for 2 individual 
metabolites implicated in each of the 4 clusters. Row 1 corresponds to cluster 3.1, row 2 
corresponds to cluster 3.2, and so on. Each bar graph contains the m/z value, the 
metabolite identification, and its suspected adduct.  
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Biomarker Candidates for Osteoarthritis 
 
We used ROC analysis to determine the potential diagnostic value of each 

detected metabolite as an OA biomarker. ROC analysis identified 65 m/z values as 

potential biomarkers of OA, all having an AUC>0.9. 30 of these 65 m/z values were also 

identified as potential biomarkers of RA and were consequently removed from the 

analysis. To identify the remaining 35 m/z values as metabolites, we searched METLIN 

for a full list of potential metabolites that match these m/z values. Of these 35 m/z values, 

16 did not have any METLIN database matches, thus classifying them as potentially 

novel metabolites for future analysis. The remaining 19 metabolites with an AUC>0.9 

mapped to 91 putative metabolites identities (Supplemental Table 2.3). Of those 91 

identified metabolites identities, over half were phospholipids (PC, PAF, PG, PE, PS, and 

ceramides). Other potential biomarkers for OA included 2,3,6-trihydroxypyridine, 

myristate derivatives, arachidonyl carnitine, N-methyl arachidonyl amine, oleanolic acid 

acetate, vitamin D3 derivatives, sulfonic acid derivatives, and ursolic acid derivatives 

(Supplemental Table 2.3). Additional studies are needed to validate these metabolites as 

OA biomarkers and determine the implications of their involvement in OA pathogenesis.  

 
 

Discussion 
 
 
 This is the first study to perform global LC-MS-based metabolomic profiling on 

human OA synovial fluid. We used LC-MS for both (1) biomarker discovery and (2) 

understanding disease pathophysiology. PCA and HCA of metabolite data distinguished 

between OA and healthy SF, creating distinct metabolomic profiles with identifiable 
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features. We detected a total of 1098 metabolites in OA and healthy SF, more than any 

previous study we know of[7, 17-20], with 58 significantly different metabolites between 

OA and healthy SF. Enrichment analysis of metabolites that were upregulated in OA 

identified nitric oxide production and chondroitin sulfate degradation both of which have 

previously been linked to OA pathogenesis[5, 21, 22]. Chondroitin sulfate is a 

glycosaminoglycan that plays an important structural role in the cartilage matrix. Altered 

levels of chondroitin sulfate have previously been found in OA cartilage[21, 22]. Nitric 

oxide aids in OA disease progression by promoting expression of proinflammatory 

cytokines, inhibiting proteoglycan and collagen synthesis, mediating apoptosis, and 

activating metalloproteinases[5].  

ROC analysis is valuable for determining the diagnostic value of each metabolite 

as a potential biomarker. ROC analysis identified 35 potential biomarkers of OA, 

including phosphatidylcholines (PC), lysophoshatidylcholines (lysoPC), ceramides (Cer), 

myristate derivatives, and carnitine derivatives. Phospholipids are important components 

of the SF that contribute to the mechanical function of the SF to lubricate articular 

cartilage surfaces[6]. Altered composition and concentration of lubricating agents in the 

SF are associated with damaged articular cartilage surfaces in both OA and RA[23-25]. 

However, the small sample size of this pilot study prevents broader interpretation about 

these metabolites as potential biomarkers and their implications in OA pathogenesis.  

 Global metabolic profiles of RA patient SF found anti-inflammatory drug 

pathways, amino acid metabolism, leukotriene biosynthesis, alpha-linolenic acid 

metabolism, glucocorticoid and mineralocorticoid metabolism, and steroid biosynthesis 
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implicated in RA (Supplemental Table 1, Supplemental Table 2). Given that rheumatoid 

arthritis is highly inflammatory, the identification and upregulation of anti-inflammatory 

drug pathways is expected in RA SF and validates the use of our LC-MS global 

metabolomic profiling approach. 

While this pilot study holds great promise for biomarker discovery, this is 

discovery phase research with important limitations. First, healthy SF samples were 

harvested post mortem. In contrast, the SF from OA and RA joints was harvested from 

living patients.  While post mortem SF may differ from that of living patients, previous 

studies found that post mortem SF maintained normal lubricant components, 

composition, and function[26, 27]. Second, patient information was limited. Thus, the 

ability to decipher effects of age, BMI, or gender on metabolomic profiles was not 

possible. The third, and main limitation of this study is the small sample size. This was a 

pilot study meant to assess global metabolomic profiling of human SF for biomarker 

discovery. Future studies will increase the sample sizes of all patient groups as well as 

age and gender match samples to identify potential biomarkers of OA.  

In summary, this study demonstrates the advantages of global metabolomic 

profiling for both biomarker discovery and further understanding of OA pathogenesis. 

Despite extremely small sample sizes, we were able to detect a number of potential 

metabolites for future validation studies. Global metabolomic profiling via LC-MS may 

provide physicians with a high sensitivity method for tracking treatment effectiveness, 

disease progression, and biomarker discovery for OA and other diseases. 
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The information in the following chapter is an expansion of the RA metabolomic 

profile results presented in Chapter 2. Chapter 3 includes an extensive interpretation of 

the RA findings from Chapter 2 in an effort to contribute to RA biomarker discovery and 

validate the use of our LC-MS-based global metabolomic profiling method for OA 

biomarker discovery.    
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GLOBAL METABOLOMIC PROFILING OF HUMAN SYNOVIAL FLUID  
FOR RHEUMATOID ARTHRITIS BIOMARKERS 

 
 

Abstract 
 
 
Objective 

 
The objective of this study was to analyze metabolomic profiles of rheumatoid 

arthritis synovial fluid to test the use of global metabolomics by liquid chromatography-

mass spectrometry for clinical analysis of synovial fluid.  

 
Methods  

 
Metabolites were extracted from rheumatoid arthritis (n=3) and healthy (n=5) 

synovial fluid samples using 50:50 water:acetonitrile. Metabolite extracts were analyzed 

in positive mode by normal phase liquid chromatography-mass spectrometry for global 

metabolomics. Statistical analyses included hierarchical clustering analysis, principal 

component analysis, Student’s t-test, and volcano plot analysis. Metabolites were 

matched with known metabolite identities using METLIN and enriched for relevant 

pathways using IMPaLA.  

 
Results 

 
1018 metabolites were detected by LC-MS analysis in synovial fluid from 

rheumatoid arthritis and healthy patients, with 162 metabolites identified as significantly 

different between diseased and control. Pathways upregulated with disease included 

ibuprofen metabolism, glucocorticoid and mineralocorticoid metabolism, alpha-linolenic 

acid metabolism, and steroid hormone biosynthesis. Pathways downregulated with 
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disease included purine and pyrimidine metabolism, biological oxidations, arginine and 

proline metabolism, the citrulline-nitric oxide cycle, and glutathione metabolism. 

Receiver operating characteristic analysis identified 30 metabolites as putative 

rheumatoid arthritis biomarkers including various phospholipids, diol and its derivatives, 

arsonoacetate, oleananoic acid acetate, docosahexaenoic acid methyl ester, and linolenic 

acid and eicosatrienoic acid derivatives. 

 
Conclusions 

 
This study supports the use of global metabolomic profiling by liquid 

chromatography-mass spectrometry for synovial fluid analysis to provide insight into the 

etiology of disease. 

 
 

Introduction 
 
 

Rheumatoid arthritis (RA) is one of the most common autoimmune disorders 

affecting 2% of the North American population[1]. It is associated with significant 

disability and is accompanied by a huge economic burden of $46.7 billion[2]. RA is a 

chronic disease characterized by joint damage, synovitis, and systemic inflammation, yet 

its etiology remains unknown. Despite recent advances in treatment options for RA, 

adequate biomarkers with high sensitivity and specificity for early diagnosis of RA are 

currently unknown[3]. Biomarkers of RA are imperative for early intervention to slow 

and/or prevent progression into the late stages of diseases. 
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Metabolomics, which measures low-molecular weight molecules, is the most 

recent of the ‘omics’ fields to be used for biomarker discovery[4]. Metabolites are the 

physiological end products of gene expression, and a metabolomic profile consists of 

quantitative measurements of thousands of metabolites. By analyzing the metabolite 

pathways, metabolomic profiling can generate phenotypes of disease states and insight 

into disease pathogenesis. Metabolomic profiling is performed either in a global or 

targeted manner, where a global profile seeks all metabolites and a targeted profile 

examines sets of pre-identified metabolites. 

Previous studies have attempted to identify biomarkers of RA with targeted 

metabolomics using nuclear magnetic resonance spectroscopy (NMR), gas 

chromatography-mass spectrometry (GC-MS), and liquid chromatography-mass 

spectrometry (LC-MS)[5-8]. To our knowledge, only one prior study used global 

metabolomic profiling for RA biomarkers using GC-MS[7]. In contrast to GC-MS, LC-

MS is advantageous for complex biological samples because the samples undergo 

chromatographic separation in addition to mass spectrometry, which provides increased 

sensitivity and greater coverage of the metabolites present in a sample. To our 

knowledge, no study to date has used LC-MS analysis for global metabolomic profiling 

in search of RA biomarkers.  

Despite several prior studies identifying biomarkers of RA, only one has searched 

for biomarkers of RA in human synovial fluid (SF)[7]. SF, located in the joint cavity, 

contains a pool of metabolites produced by many types of joint cells (i.e. osteoblasts, 

osteoclasts, osteocytes, chondrocytes, etc.). Thus, we hypothesized that global 
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metabolomic profiles of RA synovial fluid would both reveal the local pathological 

changes occurring during RA and provide metabolites as candidate biomarkers. In this 

pilot study, we used global metabolomic profiling by LC-MS in search of biomarkers of 

RA in human SF. 

 
 

Materials and Methods 
 
 
Synovial Fluid Samples 

 
SF samples were obtained under IRB approval (RA; n=3) or purchased from 

Articular Engineering (Northbrook, IL) post mortem (healthy; n=5). No clinical data were 

obtained for RA patients, and only partial clinical data including age, gender, race, and 

cause of death were obtained for healthy patients. Samples were kept at -80˚C until 

metabolite extraction. 

 
Metabolomics 

 
This study is an expansion of our previously published findings identifying 

potential biomarkers of OA in human SF. Metabolite extractions, HPLC-MS analysis, 

and processing of mass spectra were performed as previously described[9]. Briefly, 

samples were thawed, cells and debris were removed by centrifugation, polymers were 

precipitated with acetone, and metabolites were extracted with 50:50 water: acetonitrile. 

Metabolite extracts were analyzed in positive mode using an Agilent 1290 UPLC system 

with an Agilent 6538 Q-TOF mass spectrometer (Agilent, Santa Clara, CA) in normal 
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phase using a Cogent Diamond Hydride HILIC 150 x 2.1 mm column (MicroSolv, 

Eatontown, NJ).  

Spectra were processed for retention time and mass-to-charge (m/z) ratio 

normalization, noise threshold (intensity: 1000), and peak detection using MZMine 

2.14[10]. Metabolites with median intensity values of zero for both RA and healthy 

datasets were eliminated from analysis. Metabolite m/z values were matched to 

metabolite identities using METLIN with a mass tolerance of 15 ppm, with +1H+ or 

+1Na+ adducts[11]. M/z values were also checked against our internal library of 

metabolite standards to confidently identify metabolite identities by both retention time 

and m/z value (m/z: +/- 0.01, 30 ppm; retention time: +/-0.25 min)[12]. 

  
Statistical Analyses 

 
All statistical analyses were completed using MATLAB (Mathworks, Inc.). 

Significant metabolites were identified by Student’s t-test with false-discovery rate 

(FDR) corrections (FDR-adjusted p-value<0.05). Significantly different metabolites were 

visualized as a volcano plot by plotting the negative log10 of the p-value (y-axis) for each 

m/z value and the fold change (log2(RA/healthy)) of the median m/z value intensity of 

RA and healthy SF (x-axis) against each other to illustrate both significance and 

magnitude of change. M/z values with zero intensity for either group were excluded from 

the volcano plot analysis. Fold-change normalized, log-transformed metabolite intensities 

were analyzed by principal component analysis (PCA) to examine the variation between 

the RA and healthy groups. Metabolites exclusively detected in RA or healthy SF were 

visualized in a scatterplot of median metabolite intensities plotted against one another 
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(+/- standard deviation). Global metabolomic profiles were visualized using hierarchical 

cluster analysis (HCA) and illustrated sample-to-sample variation and clusters of co-

regulated metabolites. Co-regulated metabolites were matched to metabolite identities via 

METLIN and enriched for relevant pathways using IMPaLA[13]. Implicated pathways 

were identified at a significance level of 0.05. Putative biomarkers of RA were identified 

using receiver operating characteristic (ROC) analysis if they were capable of correctly 

classifying a sample as RA or healthy. Potential biomarkers were determined if the area 

under the receiver operating curve (AUC) was greater than 0.9. 

 
 

Results 
 
 
Metabolomic Profiles of Rheumatoid Arthritis Synovial Fluid 

 
1018 metabolites were detected across RA and healthy SF. 162 metabolites were 

significantly different between RA and healthy SF as determined by a Student’s t-test (p-

value<0.05). However, only three remained statistically significant after FDR corrections 

likely due to the small sample size of the RA dataset (n=3). HCA of the 162 significantly 

different metabolites revealed 2 clusters of co-regulated metabolites (Fig 3.1A). Cluster 1 

contained 55 metabolites downregulated in RA SF. These metabolites mapped to the 

following pathways: purine and pyrimidine metabolism, biological oxidations, arginine 

and proline metabolism, nitric oxide metabolism, the citrulline-nitric oxide cycle, and 

glutathione metabolism (Table 3.1, Supplemental Table 3.1). Cluster 2 contained 107 

metabolites upregulated in RA SF, mapping to ibuprofen metabolism, glucocorticoid and 
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mineralocorticoid metabolism, alpha-linolenic acid metabolism, and steroid hormone 

biosynthesis (Table 3.1, Supplemental Table 3.1).  

PCA resulted in separate clustering of RA and healthy SF, with two principle 

components (PC1=33.6%, PC2=17.8%) associated with 51.4% of the overall variation 

(Fig. 3.1B). To visualize metabolites found exclusively in RA and healthy SF, we created 

a scatterplot using median metabolite intensities. 310 metabolites were below the 

detection limit in healthy SF, while 282 metabolites were below the detection limit in RA 

SF (Fig. 3.1C). These metabolites were either not detected in their respective cohorts or 

were present in very low concentrations that were below the noise threshold. Data in this 

scatterplot further demonstrate the variation in metabolomic profiles and clear 

discrimination between RA and healthy SF. Volcano plot analysis of RA and healthy 

metabolites also showed 12 m/z values significantly upregulated and 25 m/z values 

significantly downregulated compared to healthy SF, with p-values<0.05 and fold 

changes greater than 2 (Fig. 3.1D). Enrichment of these metabolites yielded pathways 

consistent with clusters 1.1 and 1.2 (Supplemental Table 3.2).  
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Figure 3.1.  Global metabolomic profiling finds distinct metabolic phenotypes of RA and 
healthy SF. (A) HCA of RA (n=3) and healthy (H = healthy; n=5) median metabolite 
intensities from human SF. Of the 1018 metabolites detected in human SF, 162 were 
significantly different between cohorts (p<0.05). Clusters of co-regulated metabolites 
altered with disease are outlined in black boxes and referenced as 1.1 and 1.2. Cluster 1.1 
includes 55 co-metabolites lower in RA and cluster 1.2 includes 107 metabolites higher 
in RA. (B) PCA of the metabolite intensities in RA and healthy SF. Together, PC1, PC2, 
and PC3 were associated with 62.6% of the variation between healthy and RA SF and 
illustrate clear separation between cohorts. (C) Scatter plot of median metabolite 
intensities of RA and healthy SF plotted against one another (A.U.=Arbitrary Units). 310 
metabolites were below the noise threshold in healthy SF and appeared to be unique to 
RA SF (blue). 282 metabolites were below the noise threshold in RA SF and were 
considered exclusively detected in healthy SF (red). (D) Volcano plot of RA and healthy 
SF, comparing the fold change and p-value of individual metabolites. Vertical dashed 
lines mark the twofold change and horizontal lines mark the p-value cutoff of 0.05. The 
upper right (12 metabolites) and upper left (25 metabolites) quadrants contained 
significant metabolites up- or downregulated in comparison to healthy SF with a p-
value<0.05 and greater than twofold change. Note: Figure adapted from Carlson et al. 
(2018). 
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Table 3.1. Pathways altered in RA human synovial fluid. Rheumatoid arthritis 
significantly altered metabolic pathways in human SF. Enrichment of co-regulated 
metabolites lower in RA in Fig. 3.1A, cluster 1.1 mapped to significantly downregulated 
pathways via IMPaLA. Enrichment of co-regulated metabolites upregulated in RA in Fig. 
3.1A, cluster 1.2 mapped to significantly upregulated pathways via IMPaLA. This is a 
condensed list of implicated pathways, with the full list presented in Supplemental Table 
3.1.  

Pathways Metabolites 
Detected Metabolite Cas ID Metabolite Identity Direction P-value 

Gene expression  3 554-01-8;74-79-3;4754-
39-6 

5-methylcytosine; arginine; 
deoxyadenosine ↓ 0.00166 

Gamma-glutamyl cycle  2 636-58-8;74-79-3 Glutamyl-cysteine; arginine ↓ 0.00871 

Biological oxidations  4 122-78-1;636-58-8;501-
36-0;74-79-3 

Phenylacetaldehyde; 
glutamyl-cysteine; 
resveratrol; arginine 

↓ 0.00873 

Agmatine biosynthesis  1 74-79-3 Arginine ↓ 0.0104 

DNA methylation  1 554-01-8 5-methylcytosine ↓ 0.0104 

NAD metabolism  1 501-36-0 Resveratrol ↓ 0.0104 

Ibuprofen metabolism  1 51146-55-5 5-hydroxyibuprofen ↑ 0.0125 

Glucocorticoid and mineral corticoid 
metabolism 1 80-92-2 5β-Pregnane-3α, 20α-diol ↑ 0.0135 

NO2-dependent IL-12 pathway in 
NK cells 1 74-79-3 Arginine ↓ 0.0138 

Pyrimidine metabolism  2 554-01-8;951-78-0 5-methylcytosine; 2'-
deoxyuridine ↓ 0.0142 

Arginine and proline metabolism  2 636-58-8;74-79-3 Glutamyl-cysteine; arginine ↓ 0.0152 

α-Linoleic acid metabolism  1 6402-36-4 Traumatic acid  ↑ 0.0166 

Nitric oxide metabolism  1 74-79-3 Arginine  ↓ 0.0173 

VEGFR1 specific signals  1 74-79-3 Arginine ↓ 0.0207 

Putrescine biosynthesis  1 74-79-3 Arginine ↓ 0.0207 

Cytosine methylation  1 554-01-8 5-methylcytosine ↓ 0.0207 

Creatine biosynthesis  1 74-79-3 Arginine ↓ 0.0241 

Arginine and ornithine metabolism  1 74-79-3 Arginine ↓ 0.0241 

Lipoate biosynthesis 1 4754-39-6 Deoxyadenosine ↓ 0.0241 

SHP2 signaling  1 74-79-3 Arginine ↓ 0.0275 

Corticosteroids and cardioprotection  1 74-79-3 Arginine ↓ 0.0275 

Glutathione biosynthesis  1 636-58-8 Glutamyl-cysteine ↓ 0.0275 

Metabolism of angiotensinogen 1 74-79-3 Arginine ↓ 0.0309 

Protein repair  1 74-79-3 Arginine ↓ 0.0309 

Phenylethylamine degradation 1 122-78-1 Phenylacetaldehyde ↓ 0.0309 

Amino acid metabolism  3 636-58-8;74-79-3;4754-
39-6 

Glutamyl-cysteine; arginine; 
deoxyadenosine ↓ 0.037 

Vitamin C metabolism  1 122-78-1 Phenylacetaldehyde ↓ 0.0377 

Endothelin pathways 1 74-79-3 Arginine ↓ 0.0377 

Ion channels  1 74-79-3 Arginine ↓ 0.0377 
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Urea cycle 2 636-58-8;74-79-3 Glutamyl-cysteine; arginine ↓ 0.0378 

Wybutosine biosynthesis  1 4754-39-6 Deoxyadenosine ↓ 0.0378 

Thromboxane A2 receptor signaling  1 74-79-3 Arginine ↓ 0.041 

Molybdenum cofactor biosynthesis 1 4754-39-6 Deoxyadenosine ↓ 0.041 

ABC transporters  2 2041-14-7;74-79-3 2-aminoethylphosphonic 
acid; arginine ↓ 0.0417 

α9 β1 integrin signaling  1 74-79-3 Arginine ↓ 0.0444 

Citrulline-nitric oxide cycle 1 74-79-3 Arginine ↓ 0.0444 

Phenylalanine degradation  1 122-78-1 Phenylacetaldehyde ↓ 0.0477 

Steroid hormone metabolism 1 80-92-2 5β-Pregnane-3α, 20α-diol ↑ 0.0861 

 
 
Biomarker Candidates for Rheumatoid Arthritis  

 
ROC analysis identified 60 m/z values with an AUC>0.9 for classification of RA, 

30 of which were also identified as potential biomarkers of OA[9]. These overlapping 

biomarkers for both OA and RA were removed from the analysis. Thus, the remaining 30 

m/z values were searched in METLIN and 15 of those m/z values mapped to 119 possible 

metabolite identities (Table 3.2, Supplemental Table 3.3). The other 15 m/z values did 

not map to any known metabolite identities, thus further analysis is needed to determine 

if they could be novel metabolites. Potential RA biomarker identities included various 

phospholipids (PS, PG, PE, and PI-Cer), diol and its derivatives, arsonoacetate, 

oleananoic acid acetate, docosahexaenoic acid methyl ester, and linolenic acid and 

eicosatrienoic acid derivatives (Table 3.2, Supplemental Table 3.3). 
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Table 3.2. Putative biomarkers of RA in human synovial fluid. Global metabolomic 
profiling of human synovial fluid identified putative biomarkers of RA. 30 m/z values 
had an AUC>0.9 and were classified as potential RA biomarkers. M/z values were 
matched to metabolite identities using the metabolite database, METLIN. 15 m/z values 
did not match to any known metabolite identities and require further experiments to 
determine if they are novel metabolites. This is a condensed list, with the full list of 119 
candidate metabolite identities included in Supplemental Table 3.3.  

m/z Adduct Mass ppm Metabolite Identity 

184.9431763 [M+Na] 183.9353 3 Arsonoacetate 

343.2590332 

[M+H] 342.2559 12 Cannabidiol dimethyl ether 

[M+H] 342.2559 12 Docosahexaenoic Acid methyl ester 

[M+H] 342.2559 12 TrHA 

[M+H] 320.2715 4 Dihomo-Linolenic Acid methyl ester 

[M+H] 320.2715 4 3a,20b-Pregnanediol 

[M+H] 320.2715 4 7a,17-dimethyl-5b-Androstane-3a,17b-diol 

[M+H] 320.2715 4 Pregnanediol 

[M+H] 320.2715 4 5-Pregnane-3,20-diol 

[M+H] 320.2715 4 5(Z),8(Z),11(Z)-Eicosatrienoic Acid methyl ester 

[M+H] 320.2715 4 6, 17-Dimethyl-5alpha-androstane-3beta,17beta-diol 

[M+H] 320.2715 4 11,17-Dimethyl-5alpha-androstane-11beta,17beta-diol 

[M+H] 320.2715 4 3-Ethyl-5alpha-androstane-3alpha,17beta-diol 

[M+H] 320.2715 4 21:3(5Z,14Z,17Z) 

[M+H] 320.2715 4 1-Hydroxy-2,12,15-heneicosatrien-4-one 

[M+H] 320.2715 4 (E,E)-3,7,11-Trimethyl-2,6,10-dodecatrienyl hexanoate 

[M+H] 320.2715 4 7E,9E-Heneicosadien-6,11-one 

497.3209839 

[M+H] 496.3122 3 Postin 

[M+H] 496.3165 5 PG(P-18:0/0:0) 

[M+H] 474.3345 5 18-acetoxy-1,25-dihydroxyvitamin D3 / 18-acetoxy-1,25-dihydroxycholecalciferol 

[M+H] 474.3345 5 11-acetoxy-3beta,6alpha-dihydroxy-24-methyl-27-nor-9,11-seco-5alpha-cholesta-
7,22E-dien-9-one  

[M+H] 474.3345 5 (3beta,17alpha,23S,24S)-17,23-Epoxy-3,24,29-trihydroxy-27-norlanost-8-en-15-one 

[M+H] 474.3345 5 (3beta,17alpha,23S)-17,23-Epoxy-3,28,29-trihydroxy-27-norlanost-8-en-24-one 

509.3752747 [M+Na] 508.3705 4 2'-Apo-beta-carotenal 

520.3198242 [M+H] 497.3353 8 Tumonoic Acid I 

520.3356934 

[M+H] 519.3325 7 1-Linoleoylglycerophosphocholine 

[M+H] 519.3325 7 Phosphatidylcholine 

[M+H] 519.3325 7 LysoPC(18:2(9Z,12Z)) 

520.3833008 [M+Na] 519.3689 13 PC(P-19:1(12Z)/0:0) 

523.3704224 [M+H] 522.3709 14 1-hydroxy-18-[m-(1-hydroxy-1-ethylpropyl)-benzyloxy]-23,24,25,26,27-
pentanorvitamin 
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[M+H] 522.3604 5 Oleic Acid-biotin 

[M+H] 500.3866 10 Oleananoic acid acetate 

[M+H] 500.3866 10 3beta-Hydroxylanostane-7,11-dione acetate 

774.5570068 [M+H] 773.5571 9 Phosphatidylserine 

798.5493774 
[M+H] 797.5418 0 Phosphatidylinositol-ceramide 

[M+H] 775.5516 10 Phosphatidylethanolamine 

799.5548706 

[M+H] 798.541 8 Phosphatidylglycerol 

[M+H] 776.5567 11 1-Stearoyl-2-Oleoyl-sn-Glycero-3-[Phospho-rac-(1-glycerol)] 

[M+H] 776.5567 11 PG(16:0/20:1(11Z)) 

800.5652466 [M+Na] 777.5672 10 Phosphatidylethanolamine 

822.5514265 [M+Na] 799.5727 12 Phosphatidylserine 

824.5645142 [M+Na] 823.5479 11 C18-OH Sulfatide 

826.5829468 

[M+H] 825.5731 3 Phosphatidylinositol-ceramide 

[M+H] 803.5829 13 Phosphatidylethanolamine 

[M+H] 803.604 12 Phosphatidylserine 

 
 

Discussion 
 
 
To our knowledge, this is the first study to perform global metabolomic profiling 

of human RA SF by LC-MS. The global metabolomic profiles contained over 1000 

metabolites in human SF, with 162 differing significantly between RA and healthy 

cohorts. Furthermore, HCA and PCA clearly discriminated RA samples from healthy 

samples, illustrating their distinct metabolomic phenotypes. Enrichment analysis of co-

regulated metabolites revealed a number of significantly altered biochemical pathways in 

RA SF including inflammatory and anti-inflammatory pathways, energy metabolism, 

nitric oxide metabolism, and amino acid metabolism. Importantly, we identified 30 

candidate biomarkers of RA in human SF using global metabolomic profiling including 

various phospholipid species, fatty acids, and acetate derivatives.  
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Global metabolic profiles of RA patient SF found anti-inflammatory drug 

pathways, amino acid metabolism, leukotriene biosynthesis, alpha-linolenic acid 

metabolism, glucocorticoid metabolism, and steroid metabolism to be implicated in RA 

(Table 3.1, Supplemental Table 3.1). RA is a chronic inflammatory disease and many 

patients take NSAIDs likely explaining the anti-inflammatory drug pathways detected in 

RA SF[14]. Glucocorticoids are strong anti-inflammatory drugs commonly used to 

locally treat RA. Other pathways identified that support the inflammation in RA are 

leukotriene biosynthesis and alpha-linolenic metabolism. Leukotrienes are eicosanoid 

inflammatory mediators derived from arachidonic acid. Alpha-linolenic acid and 

arachidonic acid are precursors to prostaglandins, which aid in the generation of the 

inflammatory response[15]. 

The results of this study support altered energy metabolism in RA SF, as 

previously reported. Yang et al. observed increased glycolytic activity and subsequent 

increased lactic acid in RA SF[8]. Increased lactic acid and pyruvate resulting from 

heightened glycolytic activity can drive abnormal angiogenesis in diseased joints[8]. The 

results of the present study indirectly support this altered energy metabolism by finding 

that angiotensinogen and angiotensin metabolism were significantly altered in RA SF. 

More directly, however, we identified NAD metabolism as a significantly altered 

pathway in RA SF. NAD is an important cofactor mediating energy signaling and has 

recently been shown to play a role in a wide range of diseases[16]. Importantly, 

nicotinamide phosphoribosyltransferase (NAMPT), also known as visfatin, is a key 
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enzyme in NAD biosynthesis and has been used as a clinical biomarker of RA[17]. The 

results herein further support NAD metabolism as a key pathway in RA pathogenesis.  

Consistent with previous studies, we identified a number of oxidative stress-

related pathways associated with RA. RA is characterized by elevated levels of reactive 

oxygen species (ROS) that induce oxidative stress, leading to damage of DNA and 

lipids[18]. ROS attack other cellular components including residual amino acids, and 

protein aggregates while also inhibiting the formation of crosslinks[19]. Antioxidants 

work to eliminate ROS, but in RA they are not sufficiently expressed relative to increased 

levels of ROS[20]. Glutathione (gamma-glutamyl cycle) and nitric oxide are examples of 

antioxidants whose metabolism was found to be downregulated in the RA SF. Arginine 

(substrate in the NO cycle) metabolism as well as citrulline (product of NO cycle) 

production were also downregulated in RA SF – providing further support of altered NO 

metabolism. Citrulline and arginine are also intermediary molecules in the urea cycle, 

which produces NO as a byproduct via nitric oxide synthase. Taken together, these 

results support oxidative stress in the pathogenesis of RA.  

Creatine metabolism was also downregulated in the RA samples, which is 

consistent with the disease pathology, as ~ 67% of RA patients involuntarily lose strength 

– even those with controlled RA[21]. This process has been termed rheumatoid cachexia. 

With an excess of inflammatory cytokines in RA, signaling pathways are disrupted 

causing a shift from anabolic to catabolic matrix metabolism[22, 23]. Given this, creatine 

is not necessary for muscle hypertrophy and is subsequently downregulated.  
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Other metabolites detected in this study have been previously identified in the 

literature as significantly different between RA and healthy SF. These include pipecolic 

acid, carnitine, tryptophan, citric acid, mannosylglycerate, and valine[7, 8]. These 

metabolites map to known pathways we found to be altered in RA, including energy 

metabolism, lysine degradation, and tryptophan metabolism. Because these data include 

established pathways in RA, these results validate the use of global metabolomics 

profiling for studying RA etiology. 

While this study exemplifies the use of LC-MS-based global metabolomic 

profiling for RA biomarker discovery, there are important limitations. This study 

identified potential biomarkers capable of distinguishing RA from healthy SF. However, 

these studies did not compare RA to SF from patients with other types of arthritis. Future 

studies would need to determine that these potential biomarkers could also distinguish 

RA SF from other diseased SF such as gout or psoriatic arthritis. We refrain from 

extensive interpretation of the candidate RA biomarkers due to the small sample size 

(n=3). RA is a heterogeneous disease, and a sample size of n=3 is unlikely to cover all 

phenotypes of the disease. Furthermore, RA samples lacked clinical information, making 

it impossible to age and gender match RA samples to healthy controls. RA samples were 

also from living patients presenting to a rheumatology clinic in contrast to the post 

mortem healthy samples. However, past studies report no significant differences between 

post mortem SF and SF from living patients[24, 25]. Future studies will increase the 

sample size and obtain sufficient clinical information to age- and gender- match samples 
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in diseased and control cohorts. Future studies will also validate the identities of potential 

biomarkers with targeted methods, tandem mass spectrometry, and corresponding assays.  

This study supports the use of global metabolomic profiling using LC-MS for 

further understanding of disease pathogenesis and biomarker discovery. The metabolic 

perturbations exhibited in RA synovial fluid are associated with changes in energy 

metabolism, chronic inflammation, and oxygen and nutrient availability[26]. Currently, 

few biomarkers of RA exist and those that do cannot adequately distinguish RA from 

other inflammatory forms of arthritis. Global metabolomic profiling holds great promise 

for identifying biomarkers of RA that could be used in a clinical setting for early 

diagnosis of disease and identifying opportunities for intervention. 
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CHARACTERIZATION OF OSTEOARTHRITIS PHENOTYPES IN HUMAN 
SYNOVIAL FLUID USING GLOBAL METABOLOMIC PROFILING 

 
 

Abstract 
 
 
Objective 
 

Osteoarthritis (OA) is a multifactorial disease with etiological heterogeneity. The 

objective of this study was to classify OA donors into subgroups to generate metabolic 

phenotypes of OA in human synovial fluid.  

 
Methods  
 
 Post mortem synovial fluid from donors with knee OA grades 0-IV (n=75) were 

analyzed by high performance-liquid chromatography mass spectrometry to measure 

changes in the global metabolome. Comparisons of healthy (grade 0), early OA (grades I-

II), and late OA (grades III-IV) donor populations were considered to reveal phenotypes 

throughout disease progression.  

 
Results 
 
 Global metabolomic profiles in synovial fluid were distinct between healthy, early 

OA, and late OA donors. Pathways implicated in OA pathogenesis included structural 

deterioration pathways, glycerophospholipid metabolism, inflammation, central energy 

metabolism, oxidative stress, and vitamin metabolism. Within disease states (early and 

late OA), subgroups of donors revealed distinct phenotypes. Phenotypes of OA exhibited 

increased inflammation (early and late OA), oxidative stress (late OA), or structural 

deterioration (early and late OA) in the synovial fluid. 
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Conclusion 
 
 The results of this study revealed distinct metabolic phenotypes of OA in human 

synovial fluid. A greater understanding of OA phenotypes would provide insight into 

disease pathogenesis and assist in developing personalized interventions for subgroups of 

OA patients. 

 
 

Introduction 
 

 
Osteoarthritis (OA) affects over 250 million individuals worldwide and is 

associated with an economic burden estimating at an annual cost of $89.1 billion 

annually[1]. It is the most common degenerative joint disease, characterized by pain and 

loss of function resulting from the breakdown of the articular cartilage[2]. Pathologically, 

OA exhibits cartilage damage, osteophyte formation, subchondral bone sclerosis, and 

varying degrees of synovitis, with increasing evidence suggesting that OA is a disease of 

the whole joint[3]. Previously thought to be solely wear-and-tear on the joints, research 

has now shown that altered joint metabolism, inflammation, increased joint loading, and 

joint injury are just a few of the contributing factors in the development of OA[4-8].  

This multifactorial nature of OA contributes to a broad variation in presentation of 

symptoms, progression of disease, and response to treatments. In addition to the variety 

of factors contributing to OA, the trajectory of disease prognosis is highly variable. Some 

patients rapidly progress into the severe stages of disease after presentation of symptoms, 

whereas others remain relatively stable for many years[9-12]. Similarly, the perception of 

pain is also variable, with some patients experiencing minimal pain with obvious joint 
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space narrowing and others experiencing extreme pain with minimal joint space 

narrowing. OA has recently been described as having multiple distinct phenotypes in 

which a subset of disease characteristics is used to describe differences between 

subgroups of patients as they pertain to distinct OA outcomes[8]. However, more data are 

needed to define these phenotypes. 

The heterogeneity of disease poses a number of challenges for understanding 

disease pathogenesis, therapeutic interventions, and diagnosis[13-15]. Defining 

phenotypes of OA would be advantageous for a number of reasons. First, it would 

provide insight into the epidemiology of OA and factors that contribute to the 

development of these distinct phenotypes[8]. Second, defining phenotypes of OA would 

allow for more personalized, targeted treatments for specific subgroups of OA and the 

development of greater targeted therapies for those subgroups[8]. Finally, given the 

heterogeneity of OA, defining phenotypes is crucial for identifying biomarkers for early 

diagnosis across all phenotypes (if possible) or within specific subgroups. 

Metabolomics is a promising method for developing biological phenotypes. 

Metabolomics is a large-scale analysis of small molecule intermediates. Changes in the 

metabolome occur rapidly, integrating the overall biological response from changes in the 

genome, transcriptome, and proteome to produce a phenotype that characterizes 

functional cellular biochemistry. Previous studies have used metabolomics to classify OA 

phenotypes, although these studies typically employed targeted metabolomics approaches 

that focus on small subsets of metabolites in contrast to the entire metabolome[9]. We 

have recently utilized global metabolomic profiling by LC-MS analysis to generate 
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metabolomic profiles of human OA SF[16]. Global metabolomics is advantageous 

because it produces a global view of the metabolome with minimal bias that typically 

occurs due to pre-selecting pathways of interest. By focusing on all metabolite features 

present in the sample, a network of pathways can be generated to illustrate metabolic 

perturbations with disease. Therefore, global metabolomic profiling is not only beneficial 

for identifying specific metabolites as potential biomarkers (as demonstrated in our 

previous study), but also providing insight into the underlying mechanism of disease.  

Our previous study analyzed diseased (grade IV) and healthy human SF via LC-

MS-based global metabolomic profiling[16]. The SF is an ultrafiltrate of the plasma 

located in the synovial joint that provides lubrication between the articular cartilage 

surfaces, eliminates metabolic waste, and contains phagocytic cells to remove debris 

from mechanical damage from joint use. The SF is in direct contact with other affected 

tissues (i.e. articular cartilage, synovium, etc.) and will reflect local changes with 

disease[17]. This makes the SF a promising biofluid for phenotype identification given 

the heterogenous pathology of OA in the joint.  

Our prior study was limited to a small size (OA n=5; healthy n=5) and only end-

stage disease SF (grade IV). Therefore, it was not possible to investigate phenotypes of 

OA or distinctions between early and late stage disease. In this study, we used our 

established LC-MS-based global metabolomic profiling method to generate metabolic 

phenotypes of SF from donors across all stages of OA (grades 0-IV). By characterizing 

global metabolomic profiles of early and late OA, this study seeks to (1) identify 

differences in metabolic pathways throughout disease progression from healthy to late 
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stage disease, and (2) classify patients within early and late OA into subgroups 

representative of potential OA phenotypes. To our knowledge, this is the first study to 

perform global metabolomic profiling of SF from donors with early and late stage OA to 

investigate metabolic perturbations throughout disease progression. 

 
 

Methods 
 
 
Samples  

 
Post mortem SF samples (n=75) from knee joints were used for this study. SF 

samples were obtained from the Lotz Laboratory at The Scripps Research Institute in La 

Jolla, CA. Joints were graded based on severity of knee OA outcomes using the 

Outerbridge scoring system[18]. The breakdown of SF samples within each grade of OA 

was as follows: grade 0 (n=7), grade I (n=28), grade II (n=27), grade III (n=13), and 

grade IV (n=4). SF samples were grouped in three cohorts: healthy controls (grade 0; 

n=7), early OA (grades I-II; n=55), and late OA (grades III-IV; n=17). Descriptive 

statistics for donor population are reported in Table 4.1. Samples were frozen at -80⁰C 

until extraction. Samples were de-identified and blinded prior to mass spectrometry and 

preliminary data analysis to avoid bias.  
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Table 4.1. Descriptive statistics for donor population. Descriptive statistics of donor 
population for each cohort including age, sex (as male % population), and BMI. All 
means are reported as mean +/- standard error. Note not all donors had BMI information 
(BMI=body mass index). 

Cohorts Healthy Early OA Phenotype 
E1 

Phenotype 
E2 Late OA Phenotype 

L1 
Phenotype 

L2 

Age 35 ± 
4.796 

55.47 ± 
2.163 

56.45 ± 
2.781  54 ± 3.496  68.53 ± 

3.868 66 ± 4.637  78.88 ± 
4.006  

Sex (% 
male) 57.14% 52.73% 54.55% 50% 41.18% 27.27% 66.67% 

BMI 24.2 ± 
2.524  

27.82 ± 
0.9789 28 ± 1.249  27.56 ± 

1.613  
29.26 ± 
3.447 

31.89 ± 
4.646  

25.57 ± 
5.223  

 
 
Donor Demographic Information 

 
The samples were associated with partial clinical data (Table 4.1). Age, sex, and 

grade of OA were included for all donors. Additional clinical data were available for 

some but not all donors including the donor’s height, weight, cause of death, pre-existing 

medical conditions, history of OA, and macroscopic joint characteristics. Weight and 

height were used to calculate BMI as the weight in kilograms divided by the squared 

height in meters.  

 
Global Metabolomic Profiling  

 
Metabolites were extracted and analyzed by LC-MS analysis as previously 

described with slight modifications[16, 19]. Briefly, SF samples were thawed on ice and 

centrifuged at 4˚C at 500xg for 5 min to eliminate cells and debris. The supernatant was 

resuspended in 50:50 water:acetonitrile at -20˚C for 30 min. The sample was then 

vortexed for 3 minutes and centrifuged at 16100xg for 5 min at 4˚C. The supernatant was 

completely evaporated in a vacuum concentrator for ~2 hr, and the dried pellet was 

resuspended in 500 uL of acetone to precipitate proteins under refrigeration for 30 min. 
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The sample was then centrifuged at 16100xg for 5 min, the supernatant was completely 

evaporated, and the pellet was resuspended in mass spectrometry grade 50:50 

water:acetonitrile. Metabolite extracts were analyzed in positive mode using an Agilent 

1290 UPLC system (Agilent, Santa Clara, CA) connected to an Agilent 6538 Q-TOF 

mass spectrometer (Agilent Santa Clara, CA). Metabolites were chromatographically 

separated on a Cogent Diamond Hydride HILIC 150 x 2.1 mm column (MicroSolv, 

Eatontown, NJ) using an optimized normal phase gradient elution method as previously 

described[16]. Data generated by LC-MS analysis were processed as previously 

described[16]. 

 
Statistical Methods and Analysis 

 
Global metabolomic profiling generates a large multivariate dataset of thousands 

of mass-to-charge ratios (m/z) and their corresponding peak intensities. The dataset was 

reduced by removing metabolite features (m/z values) with median intensity values of 

zero across all experimental groups. All data analysis steps were completed in the 

metabolomics data analysis package, MetaboAnalyst, unless otherwise noted[20]. Data 

were log transformed to correct for non-normal distributions and standardized (mean 

centered divided by standard deviation). Standardized data were used for all analyses 

unless indicated otherwise. 

All statistical tests used an a priori significance level of 0.05, and false discovery 

rate (FDR) corrections were applied when performing multiple comparisons. The 

Kolomogorov-Smirnov test (KS-test) was used in MATLAB (MathWorks, Inc. Natick, 

MA) to compare cumulative median metabolite distributions between cohorts. KS-test 
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does not require assumptions about the distributions and thus is especially useful for 

metabolomics datasets in which non-normal distributions are common. Specific 

differences between multiple groups were determined using two-tailed analysis of 

variance (ANOVA), and two-tailed Student’s t-tests were employed to determine specific 

differences between two groups only. Differentially regulated metabolites between two 

groups were visualized in volcano plots to assess both significance by Student’s t-test and 

magnitude of change by fold change analysis. Metabolite features with a p-value (FDR 

corrected) less than 0.05 and greater than twofold change were considered significant in 

these analyses.  

Multivariate methods were employed to assess variations in the metabolomic 

datasets. Hierarchical clustering analysis (HCA) is an unsupervised clustering method 

that separates samples into groups of similar abundance patterns. HCA is visualized using 

heatmaps to analyze the overall metabolomic profiles, known as a clustergram. 

Clustergrams reveal both clusters of co-regulated metabolite features and which 

experimental groups are most similar to one another. Principal component analysis (PCA) 

is another unsupervised method used to analyze metabolomics data. PCA orthogonally 

transforms a set of observations into principal components that contain a fraction of the 

overall variance within the dataset. Partial least squares-discriminant analysis (PLS-DA) 

is a supervised classification method that reveals the underlying source of distinction 

between clusters. PLS-DA scores each variable in each component indicating how 

important that variable was in contributing to the separation. These variable of 
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importance in projection (VIP) scores were used to identify discriminative metabolites 

with the greatest ability to classify samples into their respective cohorts by PLS-DA.  

Metabolite features (m/z values) were matched to known metabolites identities 

and mapped to relevant pathways using the metabolite library and pathway enrichment 

tool, mummichog[21]. Mummichog predicts a network of functional activity based on the 

detected metabolite features. Mummichog pathway libraries MFN and Biocyc were used 

for compound identification and pathway enrichment (mass tolerance: 0.1 ppm; positive 

mode). Pathways reported were significant by pathway overrepresentation analysis with 

an FDR-adjusted p-value less than 0.05.  

To determine if cohorts or phenotypes were possibly associated with any 

confounding variables, Student’s t-tests were employed to assess significant differences 

between groups based on the available clinical data. Age, sex, and BMI were assessed 

between groups and phenotypes for evidence of differences.   

 
 

Results 
 
 

The objective of this study was to characterize the metabolic perturbations in 

healthy and diseased SF by comparing global metabolomic profiles. Metabolites were 

extracted from SF from healthy (grade 0), early OA (grades I-II), and late OA (grades III-

IV) donors. Global metabolomic profiles were generated and perturbed pathways and 

discriminative metabolites were identified in all cohorts. This study sought to investigate 

(1) differences between metabolomes in diseased and healthy SF, and (2) differences 

within diseased cohorts in search of OA phenotypes.   
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Co-Regulated Metabolites Map to Differentially Regulated Metabolic Pathways with 
Disease 

 
A total of 9903 metabolite features were detected in SF from patients with OA 

grades 0-IV. This dataset was refined to 1362 detected features by removing features with 

a median metabolite intensity of zero across samples. ANOVA identified 39 differentially 

expressed metabolite features between healthy, early OA, and late OA SF (FDR-

corrected p-value<0.05).  

Diseased SF (early and late OA) profiles were distinct from healthy SF (Fig. 4.1). 

Unsupervised HCA of overall metabolomic profiles of healthy and diseased SF found 

that the SF metabolomic profiles of early and late OA SF were more similar to one 

another than healthy SF (Fig. 4.1). Groups of co-regulated metabolites were identified by 

clustergram analysis and assessed for enriched pathways associated with disease 

progression (Supplemental Table 4.1). The full list of pathways for each cluster is shown 

in Supplemental Table 4.2.  
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Figure 4.1. Distinct global metabolomic profiles of healthy, early OA, and late OA SF.  
Clustergram of median global metabolomic profiles of healthy, early OA, and late OA SF 
displays patterns of metabolite expression. HCA illustrates that early and late OA SF 
were more similar than healthy SF. Arbitrarily selected clusters of co-regulated 
metabolite features are boxed in black and enriched for relevant pathways in 
Supplemental Table 4.1. Cluster 1: Up in late OA, down in healthy and early OA. Cluster 
2: Up in healthy, down in OA. Cluster 3: Highest in healthy, lowest in late OA. Cluster 4: 
Up in early OA, down in healthy and late OA. Cluster 5: Highest in diseased, lowest in 
healthy. 
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Clusters 2 and 5 contained metabolite features differentially regulated in diseased 

and healthy SF (Fig. 4.1; Supplemental Table 4.1). Cluster 2 contained 161 co-regulated 

metabolite features higher in abundance in healthy compared to diseased SF and mapped 

to 27 significantly enriched pathways. Pathways upregulated in healthy but 

downregulated in diseased SF included phosphatidylinositol phosphate metabolism, 

amino acid metabolism, vitamin metabolism (E, B3, B6, B1), glycolysis and 

gluconeogenesis, the TCA cycle, the carnitine shuttle, and leukotriene metabolism. 

Cluster 5 contained 176 co-regulated metabolite features with greater abundance in 

diseased SF compared to healthy SF, mapping to 35 significant pathways including 

amino acid metabolism, glucosamine and galactosamine biosynthesis, the urea cycle, the 

citrulline-nitric oxide cycle, ascorbate and aldarate metabolism, N-glycan metabolism, 

keratin sulfate metabolism, glycosphingolipid and glycerophospholipid metabolism, 

glutathione metabolism, nitrogen metabolism, and vitamin metabolism (B6, B9, B1, C).  

Clusters 1, 3, and 4 contained co-regulated metabolite features that were greater in 

abundance for a single cohort (Fig. 4.1; Supplemental Table 4.1). Cluster 1 contained 61 

co-regulated metabolite features higher in late OA than healthy or early OA SF. These 61 

metabolite features mapped to 10 significantly perturbed pathways including amino acid 

and vitamin metabolism (B9 and B3), leukotriene metabolism, keratan sulfate and N-

glycan degradation, butanoate metabolism, and fructose and mannose metabolism. 

Cluster 3 contained 127 metabolite features that decreased in abundance with disease 

progression. 31 enriched pathways were identified including vitamin (B9 and E) 

metabolism, amino acid metabolism, carnitine biosynthesis, fatty acid metabolism, 
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ketolysis, phospholipases, ceramide biosynthesis, squalene and cholesterol biosynthesis, 

and the TCA cycle. Cluster 4 contained 60 metabolite features highest in early OA 

compared to healthy and late OA SF. These metabolite features represent 32 implicated 

pathways including hexose phosphorylation, sugar metabolism, sialic acid metabolism, 

N-glycan degradation, keratan sulfate metabolism, pentose phosphate pathway, 

glycolysis and gluconeogenesis, amino acid metabolism, glycosphingolipid metabolism, 

glutathione metabolism, and nitrogen metabolism.   

 
Early OA Synovial Fluid has a Distinct Metabolomic Profile from Healthy Synovial 
Fluid 

 
We observed a distinct metabolomic profile in early OA compared healthy SF. A 

total of 870 metabolite features were detected in healthy and early OA SF. Differences 

between metabolomic profiles of healthy and early disease are supported by KS-test and 

PLS-DA. KS-test determines if there is evidence to reject the null hypothesis that there is 

no difference in two distributions and revealed evidence of a significantly difference 

between healthy and early OA cohorts (pks<0.01; Fig. 4.2A). Supervised PLS-DA found 

differences in metabolomic profiles and identified specific metabolite features with the 

greatest discriminative capabilities for separating healthy and early OA SF. PLS-DA 

exhibited separation of healthy and early OA donors, although the first two components 

accounted for only 16.1% of the variance in metabolites (Fig. 4.2B). The top 25 

metabolite features contributing to the separation between healthy and early OA cohorts 

were determined by PLS-DA VIP scores. Metabolite features with the largest VIP scores 

in PC1 and PC2 were matched with putative metabolite identities (Fig. 4.2C; 
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Supplemental Table 4.3). The top features capable of discriminating healthy from early 

OA SF included N-acetylspermidine, pyridoxamine, queuine, 5-methyoxytryptophol, and 

N-acetyl-serotonin sulfate (Supplemental Table 4.3). KS-test, PLS-DA, and 

discriminative metabolites identified by VIP scores illustrate the relatively distinct 

metabolomic profiles between healthy and early OA SF.  
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Figure 4.2. Early OA induced metabolic perturbations in SF. (A) The cumulative 
distribution of metabolites in healthy SF is altered with early OA. KS-test comparing the 
median metabolite intensity distributions between healthy SF and early OA revealed 
significantly (p-valueks <0.01) different metabolomic profiles. Mirrored metabolite 
distributions display differences between groups (healthy=top; early OA=bottom). (B) 
PLS-DA displayed differences in metabolomic profiles of healthy SF (green) and early 
OA SF (red). The first two components contributed to 16.1% of the overall variance. 95% 
confidence ellipses (healthy=green; early=red) illustrate class separation. (C) The top 25 
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metabolite features with the greatest VIP scores in PC1 and PC2. Putative metabolite 
identities are labeled next to matched m/z values. The full list of putative identities is 
reported in Supplemental Table 4.3. (D) Volcano plot analysis comparing early OA SF to 
healthy SF (FC: early OA/healthy SF) reveal metabolite features upregulated and 
downregulated by p-value and fold change analysis. Dashed lines indicate the p-value 
threshold of 0.05 (horizontal) and fold change threshold of 2 (vertical). The upper right 
and left quadrants contain significantly (p-value<0.05) upregulated and downregulated 
features with a fold change greater than twofold. Metabolite features in the upper right 
and left quadrants were assessed for enriched pathways reported in Table 4.2. 
 
 

To predict the metabolite network activity altered from healthy to early stage 

disease, we employed enrichment analysis to predict implicated pathways based on 

differentially expressed metabolites. Volcano plot analysis displayed differentially 

expressed metabolite features by fold change analysis and Student’s t-test (greater than 

twofold change, p-value<0.05; Fig. 4.2D). 188 metabolite features were significantly 

different between healthy and early OA SF, 162 of which were lower with early OA and 

26 of which were higher in early OA. Significant metabolite features lower in abundance 

mapped to 21 significantly downregulated pathways including the metabolism of lipid 

inflammatory mediators leukotriene and prostaglandin, antioxidants vitamin E and 

glutathione, and central energy cofactor, coenzyme A. (Fig. 4.2D; Table 4.2; 

Supplemental Table 4.4). Significant metabolite features greater in abundance mapped to 

14 significantly upregulated pathways including the metabolism amino acids (arginine, 

proline, aspartate, alanine), amino sugars metabolism (i.e. glucosamine and 

galactosamine), and vitamin D3 metabolism (Fig. 4.2D; Table 4.2; Supplemental Table 

4.4). These results illustrate pathways significantly altered early in disease progression.  
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Table 4.2. Perturbed pathways in early OA compared to healthy controls.  
Pathway enrichment of metabolite features significantly upregulated and significantly 
downregulated in Fig. 4.2D volcano plot comparing early OA to healthy SF (fold change 
ratio: early OA:healthy; p-value<0.05 and greater than twofold change). Significant 
metabolite features greater in abundance in the upper right quadrant of the volcano plot in 
Fig. 4.2D were enriched to reveal corresponding upregulated pathways. Significant 
metabolite features reduced in abundance in the upper left quadrant of the volcano plot in 
Fig. 4.2D were enriched to reveal corresponding downregulated pathways. Pathways are 
reported with the total metabolites in the pathway, the total detected metabolites within 
the pathway, and total significant metabolites (by volcano plot analysis) detected within 
that pathway. Only pathways with an FDR-corrected p-value less than 0.05 are reported. 
The full list of pathways identified in Fig. 4.2D volcano plot is reported in Supplemental 
Table 4.4. 

Upregulated in Early OA (Compared to Healthy) 

  Total Detected Significant P-value 

Histidine metabolism 33 15 3 0.0013464 

Alanine and Aspartate Metabolism 30 17 3 0.0015114 

Urea cycle/amino group metabolism 85 39 4 0.0019591 

Aspartate and asparagine metabolism 114 62 5 0.0022833 

Arginine and Proline Metabolism 45 28 3 0.0030389 

Glutamate metabolism 15 10 2 0.0032796 

Vitamin B3 (nicotinate and nicotinamide) metabolism 28 12 2 0.0041114 

Tyrosine metabolism 160 57 4 0.004705 

Lysine metabolism 52 19 2 0.0081662 

Amino sugars metabolism 69 21 2 0.0096796 

Glycerophospholipid metabolism 156 25 2 0.013205 

Pyrimidine metabolism 70 32 2 0.020979 

Glycine, serine, alanine and threonine metabolism 88 36 2 0.026303 

Tryptophan metabolism 94 39 2 0.030687 
Downregulated in Early OA (Compared to Healthy) 

  Total Detected Significant P-value 

Leukotriene metabolism 92 16 8 0.0001581 

Prostaglandin formation from arachidonate 78 20 7 0.0001913 

Vitamin E metabolism 54 12 5 0.0002187 

Porphyrin metabolism 43 15 5 0.0003104 

Vitamin B5 - CoA biosynthesis from pantothenate 12 6 3 0.0004369 

Androgen and estrogen biosynthesis and metabolism 95 24 6 0.0004761 

C21-steroid hormone biosynthesis and metabolism 112 44 9 0.0005057 

CoA Catabolism 7 2 2 0.0006453 

Prostaglandin formation from dihomo gama-linoleic acid 11 2 2 0.0006453 
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Alkaloid biosynthesis II 10 4 2 0.0019793 

Vitamin B6 (pyridoxine) metabolism 11 4 2 0.0019793 

Methionine and cysteine metabolism 94 30 5 0.004678 

Glycerophospholipid metabolism 156 25 4 0.0085143 

Glutathione Metabolism 19 10 2 0.017579 

Tryptophan metabolism 94 39 5 0.020028 

Biopterin metabolism 22 11 2 0.022517 

Vitamin B9 (folate) metabolism 33 11 2 0.022517 

Vitamin A (retinol) metabolism 67 13 2 0.034534 

Drug metabolism - cytochrome P450 53 34 4 0.035577 

Selenoamino acid metabolism 35 14 2 0.041561 

Histidine metabolism 33 15 2 0.04921 
 
 

We evaluated if the metabolomic profiles in healthy and early OA were associated 

with age, sex, or BMI as possible covariates (Table 4.1). The mean ages of healthy and 

early OA donors were 35 ± 4.796 and 55.47 ± 2.163, respectively, with strong evidence 

of a difference age (p-value<0.05). There was not a significant difference in male:female 

ratios, with 57.14% males in the healthy donor population and 52.73% males in the early 

OA donor population (p-value>0.05). There was also no significant difference in BMIs 

between healthy and early OA donors, with a mean BMI of 24.2 ± 2.524 kg in healthy 

and 27.82 ± 0.979 kg in early OA (p-value>0.05). Therefore, differences between healthy 

and early OA cohorts may also be associated with aging.  

 
Late OA Synovial Fluid has a Distinct Metabolomic Profile from Healthy Synovial Fluid 
 

1330 metabolite features, collectively, were detected between healthy and late OA 

SF. The metabolomic profiles of late OA were significantly different than healthy SF, as 

evidenced by KS-test (pks<0.01; Fig. 4.3A). PLS-DA plot illustrates complete separation 

between healthy and late OA donors, further supporting the distinct metabolomic 
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profiles. PLS-DA plot of PC1 and PC2 accounted for 23.8% of the overall variance, with 

95% confidence ellipses correctly classifying the majority of samples within their 

respective cohorts (Fig. 4.3B). Discrimination between cohorts was attributed to the top 

25 metabolite features with the highest VIP scores in PC1 and PC2, including 

pyridoxamine, 4-hydroxy-L-proline, pyruvic oxime, 5-methyoxytryptophol, imidazole 

acetaldehyde, and anandamide (Fig. 4.3C; Supplemental Table 4.3). Taken together, 

these results illustrate distinct metabolomic profiles between healthy and late stage 

disease.  
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Figure 4.3. Late OA induced metabolic changes in SF compared to healthy controls. (A) 
KS-test revealed significantly distinct (pks<0.01) metabolite distributions between late 
OA and healthy SF. Mirrored metabolite distributions display differences between groups 
(Healthy=top; late OA=bottom). (B) Differences between healthy (green) and late OA 
(blue) SF were visualized by PLS-DA. PC1 and PC2 are associated with 23.8% of the 
overall variance. Ellipses represent 95% confidence intervals for each sample population 
(green=healthy; blue=late OA). (C) The top 25 metabolite features with the greatest VIP 
scores in PC1 and PC2. Putative metabolite identities are labeled next to matched m/z 
values. The complete list of putative identities is reported in Supplemental Table 4.3. (D) 
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Volcano plot analysis showing metabolites features upregulated or downregulated with 
late stage disease in comparison to healthy SF. Vertical dashed lines represent the fold 
change threshold of 2, and horizontal lines indicate the p-value threshold of 0.05. 
Features in the upper right and upper left quadrants had a p-value<0.05 and greater than 
twofold change (pink) and were assess for enriched pathways reported in Table 4.3. 
 
 

To determine perturbations in metabolite activity networks from healthy to late 

stage disease, enrichment analysis of differentially expressed metabolites was employed. 

Volcano plot analysis revealed differentially expressed metabolite features in late OA in 

comparison to healthy SF (Fig. 4.3D). 64 metabolite features were significantly different 

between healthy and late OA SF. 39 significant metabolite features were lower in 

abundance in late OA in comparison to healthy and mapped to 9 significantly 

downregulated pathways including the metabolism of vitamins B6 and B5, lysine, and 

lipid inflammatory mediator prostaglandin (Fig. 4.3D; Table 4.3; Supplemental Table 

4.4). 25 significant metabolite features greater in abundance in late OA in comparison to 

healthy mapped to 12 significantly upregulated pathways including the metabolism of 

amino acids (arginine, proline, glutamate, asparagine, aspartate, lysine, isoleucine, 

leucine, and valine), the urea cycle, and amino sugar metabolism (Fig. 4.3D; Table 4.4; 

Supplemental Table 4.3). Enrichment analysis of differentially expressed metabolite 

features further supports the distinct metabolomic profiles between healthy and late OA 

and illustrates pathways perturbed with late stage OA.  
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Table 4.3. Perturbed pathways in late OA compared to healthy controls. Pathway 
enrichment of significant metabolite features upregulated and downregulated in Fig. 4.3D 
volcano plot comparing late OA to healthy SF (fold change ratio: late OA:healthy; p-
value<0.05 and greater than twofold change). Significant metabolite features greater in 
abundance in the upper right quadrant of the volcano plot (higher in late OA compared to 
healthy) in Fig. 3D were enriched to reveal corresponding upregulated pathways. 
Significant metabolite features reduced in abundance in the upper left quadrant of the 
volcano plot (lower in late OA compared to healthy) in Fig. 4.3D were enriched to reveal 
corresponding downregulated pathways. Pathways are reported with the total metabolites 
in the pathway, the total detected metabolites within the pathway, and total significant 
(by volcano plot analysis) metabolites within that pathway. Only pathways with an FDR-
corrected p-value less than 0.05 are reported. The full list of pathways identified in Fig. 
4.3D volcano plot is reported in Supplemental Table 4.4. 

Upregulated in Late OA (Compared to Healthy) 

  Total Detected Significant P-value 

Butanoate metabolism 34 19 3 0.0025905 

Urea cycle/amino group metabolism 85 39 4 0.0031691 

Aspartate and asparagine metabolism 114 62 5 0.0039446 

Glutamate metabolism 15 10 2 0.0047254 

Arginine and Proline Metabolism 45 28 3 0.0047541 

Alanine and Aspartate Metabolism 30 17 2 0.0097385 

Lysine metabolism 52 19 2 0.011617 

Valine, leucine and isoleucine degradation 65 20 2 0.012632 

Amino sugars metabolism 69 21 2 0.013698 

Pyrimidine metabolism 70 32 2 0.028678 

Drug metabolism - cytochrome P450 53 34 2 0.031995 

Glycine, serine, alanine and threonine 
metabolism 88 36 2 0.035474 

Downregulated in Late OA (Compared to Healthy) 

  Total Detected Significant P-value 

Vitamin B6 (pyridoxine) metabolism 11 4 2 0.0009188 

Vitamin B5 - CoA biosynthesis from 
pantothenate 12 6 2 0.0015503 

Lysine metabolism 52 19 3 0.0018566 

Drug metabolism - cytochrome P450 53 34 3 0.011101 

Butanoate metabolism 34 19 2 0.015186 

Prostaglandin formation from arachidonate 78 20 2 0.017103 

Aspartate and asparagine metabolism 114 62 4 0.02568 

Glycerophospholipid metabolism 156 25 2 0.028614 

Methionine and cysteine metabolism 94 30 2 0.043035 
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Potential covariates were evaluated in healthy and late OA SF, including age, sex, 

and BMI (Table 4.1). As with healthy vs. early OA, there was a significant age difference 

between healthy and late OA as well (p-value<0.0001). The mean age of the healthy 

donor population was 35 ± 4.796, but 68.53 ± 3.868 for the late OA donor population. 

There was not, however, a significant difference in male:female ratios or BMIs between 

healthy and late OA populations (p-value>0.05). The healthy population had 57.14% 

males, whereas the late OA population had 41.18% males. The average BMI in healthy 

patients was 24.2 ± 2.524 kg and 29.26 ± 3.447 kg for late OA patients. Therefore, 

differences between healthy and late OA may also be attributed to aging.  

 
Distinct Metabolomic Profiles Between Early and Late Stage Disease 

 
We observed distinct metabolomic profiles within diseased SF. We detected a 

total of 1313 metabolite features in OA SF (early and late OA), with distinct 

metabolomic profiles with progression of disease. Metabolite distributions in early OA 

SF were significantly different from late OA SF, supported by KS-test (pks<0.01; Fig. 

4.4A). Differences between early and late OA donor populations were visualized with 

supervised clustering by PLS-DA. PLS-DA revealed partial separation between the 

metabolomic profiles of early and late OA SF, with PC1 and PC2 contributing to 22.3% 

of the overall variance (Fig. 4.4B). The top discriminative features with the greatest VIP 

scores in PC1 and PC2 included 5-methyl-tetrahydrofolate, N-acetylputrescine, 4-

hydroxy-2-nonenal-glutathione conjugate, methyl-glyoxyl, D-xylolactone, 2-

hydroxyglutarate, 5-aminopentanal, and valine (Fig. 4.4C; Supplemental Table 4.3). 
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Taken together, KS-test, PLS-DA, and VIP scores illustrate distinct metabolomic profiles 

from early to late stage disease. 

 
 

 
Figure 4.4. Global metabolomic profiles are distinct from early to late stage OA. (A) 
Metabolite distributions were distinct in early OA SF compared to late OA SF, with KS-
test revealing a pks<0.01. Mirrored metabolite distributions display differences between 
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groups (early OA=top; late OA=bottom). (B) Supervised clustering by PLS-DA shows 
differences between early (red) and late (blue) stage disease. The first two components 
contained 22.3% of the overall variance. 95% confidence ellipses illustrate class 
separation (early OA=red; late OA=blue). (C) The top 25 metabolite features with the 
greatest VIP scores in PC1 and PC2. Putative metabolite identities are labeled next to 
matched m/z values. The complete list of putative identities is reported in Supplemental 
Table 4.3. (D) Metabolite features are plotted by fold change analysis (late OA/early OA) 
and Student’s t-test p-value by volcano plot analysis. Significant metabolite features in 
the upper right and upper left quadrants (pink) meet the p-value threshold (horizontal 
dashed line) of 0.05 and fold change threshold of 2 (vertical dashed lines). Metabolite 
features in the upper right and left quadrants were assessed for enriched pathways 
reported in Table 4.4.  
 
 

The metabolic activity network implicated in OA disease progression from early 

to late stage disease further support the distinct metabolomic profiles. Volcano plot 

analysis revealed metabolite features differentially expressed, and collectively identified 

191 features as significantly different between early and late OA (Fig. 4.4D). 182 

significant features were greater in abundance with late stage disease. These mapped to 

20 significantly upregulated pathways in late OA including the metabolism of lipid 

inflammatory mediators leukotriene and prostaglandin and glycerophospholipids—the 

reservoir for the precursor to prostaglandin. Sialic acid metabolism and N-glycan 

degradation were upregulated in late OA, both of which are important in the structure of 

the articular cartilage. Other pathways upregulated with late OA included antioxidant 

vitamin E, coenzyme A, androgen and estrogen metabolism, alkaloid biosynthesis, and 

tryptophan metabolism (Fig. 4.4D; Table 4.4; Supplemental Table 4.4). 9 significant 

features were lower in abundance with late stage disease and mapped to only one 

significantly downregulated pathway—prostaglandin formation from arachidonic acid 

(Fig. 4.4D; Table 4.4; Supplemental Table 4.4). These pathway perturbations illustrate 
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changes in metabolic activity from early to late stage disease, particularly the stimulation 

of inflammatory and structural component pathways.   

 
 
Table 4.4. Perturbed pathways in late OA compared to early OA. Pathway enrichment of 
significant metabolite features upregulated and downregulated in Fig. 4.4D volcano plot 
comparing late OA to early OA SF (fold change ratio: late OA:early OA; p-value<0.05 
and greater than twofold change). Significant metabolite features greater in abundance in 
the upper right quadrant of the volcano plot (higher in late OA compared to early OA) in 
Fig. 4.4D were enriched to reveal corresponding upregulated pathways. Significant 
metabolite features reduced in abundance in the upper left quadrant of the volcano plot 
(lower in late OA compared to early OA) in Fig. 4.4D were enriched to reveal 
corresponding downregulated pathways. Pathways are reported with the total metabolites 
in the pathway, the total detected metabolites within the pathway, and total significant 
(by volcano plot analysis) metabolites within that pathway. Only pathways with an FDR-
corrected p-value less than 0.05 are reported. The full list of pathways identified in Fig. 
4.4D volcano plot is shown in Supplemental Table 4.4. 

Upregulated in Late OA (Compared to Early OA) 

  Total Detected Significant P-value 

Leukotriene metabolism 92 16 7 0.0002817 

Porphyrin metabolism 43 15 6 0.0003485 

Vitamin E metabolism 54 12 5 0.0004137 

C21-steroid hormone biosynthesis and 
metabolism 112 44 10 0.0007882 

Vitamin B5 - CoA biosynthesis from 
pantothenate 12 6 3 0.0008678 

Urea cycle/amino group metabolism 85 39 9 0.0008682 

CoA Catabolism 7 2 2 0.0011742 

Prostaglandin formation from dihomo 
gama-linoleic acid 11 2 2 0.0011742 

Androgen and estrogen biosynthesis and 
metabolism 95 24 6 0.0012611 

Prostaglandin formation from arachidonate 78 20 5 0.0018502 

Alkaloid biosynthesis II 10 4 2 0.0038224 

N-Glycan Degradation 16 5 2 0.0061888 

Vitamin B3 (nicotinate and nicotinamide) 
metabolism 28 12 3 0.0062975 

Arginine and Proline Metabolism 45 28 5 0.009868 

Tryptophan metabolism 94 39 6 0.018693 

Glycerophospholipid metabolism 156 25 4 0.022585 
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Lysine metabolism 52 19 3 0.033394 

Glycine, serine, alanine and threonine 
metabolism 88 36 5 0.036705 

Vitamin B9 (folate) metabolism 33 11 2 0.04174 

Sialic acid metabolism 107 21 3 0.047137 

Downregulated in Late OA (Compared to Early OA) 

  Total Detected Significant P-value 

Prostaglandin formation from arachidonate 78 20 2 0.040911 
 
 

To investigate if differences within OA SF could be attributed to potentially 

confounding variables, the mean ages, BMI, and sex distributions were calculated and 

compared between early and late OA cohorts (Table 4.1). There was evidence of a 

significant difference in mean ages between the early OA (mean age: 55.47 ± 2.163) and 

late OA (mean age: 68.53 ± 3.868) populations (p-value<0.05). There was not, however, 

a significant difference in BMI (early OA: 27.82 ± 0.9789 kg; late OA: 29.26 ± 3.447 kg; 

p-value>0.05) or sex distribution (early OA: 52.73% male; late OA: 41.18% male; p-

value>0.05). Therefore, it is unlikely that differences between early and late stage disease 

are associated with sex or BMI, but differences may be associated with aging.  

 
Unsupervised Clustering Suggests OA Phenotypes in Early OA 
 

Early and late OA were analyzed by unsupervised HCA in search of groups of 

patients within each cohort that may be representative of OA phenotypes (Fig. 4.5A). 

HCA of early OA revealed two clusters of patients, E1 and E2, containing 33 and 22 

donors, respectively. Student’s t-test revealed 379 metabolite features were differentially 

expressed between phenotypes E1 and E2 (FDR-corrected p-value<0.05). PCA, an 

unsupervised method, was used to visualize the separation between these two potential 
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phenotypes, with PC1 and PC2 accounting for 27.1% of the overall variance (Fig. 4.5B). 

Clustergram analysis was employed to visualize the overall metabolomic profiles of these 

potential cohorts, further supporting the distinct phenotypes by revealing groups of co-

regulated metabolites that are differentially expressed between E1 and E2 (Fig. 4.5C). 

Taken together, HCA and PCA support two distinct subgroups of early OA donors that 

may be representative of metabolic OA phenotypes. 

To investigate the underlying contributors to these two distinct phenotypes, we 

employed PLS-DA (Fig. 4.5D-E). Supervised PLS-DA revealed some separation between 

phenotypes E1 and E2 along PC1 and PC2, accounting for 24.3% of the overall variance 

(Fig. 4.5D). VIP scores determined the metabolite features contributing the most to the 

discrimination between these two phenotypes. Metabolite features with the highest VIP 

scores were identified and matched with known metabolite identities including 

methoxytyramine, glycyl-glutamine, N-formylkynurenine, N-acetyl-glucosamine, and 

hyaluronate (Fig. 4.5E; Supplemental Table 4.3). These features have the greatest 

capacity for classifying donors into these two distinct phenotypes.  

 



 
 

 

144 

 
 

Figure 4.5. Phenotypes in early OA synovial fluid. (A) Unsupervised HCA of all early 
OA donors. Two clusters of donors were identified and labeled as phenotype E1 (red) and 
phenotype E2 (blue). E1 contained 33 donors and E2 contained 22. Line length represents 
Euclidean distances between donors and clusters. (B) Unsupervised PCA of all early OA 
donors reveals separation of early OA phenotypes. The first two PCs are associated with 
27.1% of the variation between phenotypes. (E1=red; E2=blue). (C) Clustergram 
visualization of the overall metabolomic profiles of phenotype E1 (red) and E2 (blue). 
Dendrograms on the top illustrate clustering of donors and the dendrogram on the side 
illustrates clusters of co-regulated metabolite features. Color intensities correspond to the 
relative abundance of metabolite features, standardized by rows. (E) Supervised PLS-DA 
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further illustrated the separation between phenotypes (E1=red; E2=blue) with PC1 and 
PC2 accounting for 24.3% of the variance. (F) PLS-DA VIP scores for the top 25 
metabolite features in PC1 and PC2 are labeled with corresponding putative metabolite 
identities. The full list of putative identities is presented in Supplemental Table 4.3. (G) 
Volcano plot visualization of differentially regulated metabolite features by Student’s t-
test significance and fold change analysis (E1:E2). The p-value threshold is represented 
by the horizontal dashed line (FDR-corrected p-value<0.05), and the vertical lines 
represent the fold change threshold (greater than twofold change). Metabolite features in 
the upper right and left quadrants (p-value<0.05 and greater than twofold change) were 
enriched for relevant pathways reported in Table 4.5.  
 
 

Distinct pathways were perturbed in phenotypes E1 and E2. Volcano plot analysis 

illustrated 254 significant metabolite features differentially expressed between 

phenotypes and enrichment analysis was employed to map metabolite features to 

enriched pathways (Fig. 4.5F). 205 significant metabolite features were lower in 

abundance in phenotype E1 and greater in phenotype E2 (greater than twofold change, 

FDR-corrected p-value <0.05). These metabolite features were representative of 25 

significant pathways, including phosphatidylinositol phosphate metabolism, 

glycosaminoglycan degradation (chondroitin sulfate, heparin sulfate, and keratan sulfate), 

sialic acid and N-glycan metabolism (structural components in cartilage), tryptophan 

metabolism, and ascorbate and aldarate metabolism (Table 4.5; Supplemental Table 4.4). 

49 significant metabolite features were higher in abundance in phenotype E1 and lower in 

abundance in phenotype E2 (greater than twofold change, FDR-corrected p-value<0.05). 

Metabolite features upregulated in phenotype E1 and downregulated in E2 were 

representative of 14 significant pathways, including butanoate metabolism, purine and 

pyrimidine metabolism, amino acid metabolism, galactose metabolism, and inflammatory 

mediator leukotriene metabolism (Table 4.5; Supplemental Table 4.4). This suggests that 
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two metabolic phenotypes exist in early OA SF in this donor population associated with 

either increased inflammation (E1) or increased structural degradation (E2).  

 
 

Table 4.5. Perturbed pathways in early OA phenotypes. Pathway enrichment of 
significant metabolite features upregulated and downregulated (p-value<0.05; greater 
than twofold change) with early OA phenotypes in Fig. 4.5F volcano plot analysis 
comparing phenotype E1 to phenotype E2 (E1:E2 fold change ratio). Significant 
metabolite features greater in abundance in the upper right quadrant of the volcano plot 
(higher in E1 compared to E2) in Fig. 4.5F were enriched to reveal corresponding 
upregulated pathways. Significant metabolite features reduced in abundance in the upper 
left quadrant of the volcano plot (lower in E1 compared to E2) in Fig. 4.5F were enriched 
to reveal corresponding downregulated pathways. Pathways are reported with the total 
metabolites in the pathway, the total detected metabolites in the pathway, and total 
significant (by volcano plot analysis) metabolites within that pathway. Only pathways 
with an FDR-corrected p-value less than 0.05 are reported. The full list of pathways 
identified in Fig. 4.5F volcano plot is reported in Supplemental Table 4.4. 

Downregulated in Early OA Phenotype E1 (Upregulated in Phenotype E2) 

  Total Detected Significant P-value 

Phosphatidylinositol phosphate metabolism 59 21 10 0.00031787 

Chondroitin sulfate degradation 37 6 4 0.00046556 

Heparan sulfate degradation 34 6 4 0.00046556 

Glycosphingolipid biosynthesis - ganglioseries 62 7 4 0.00058063 

Galactose metabolism 41 29 9 0.00066311 

Hexose phosphorylation 20 16 6 0.0006945 

Glycosphingolipid biosynthesis - globoseries 16 4 3 0.00070358 

N-Glycan Degradation 16 5 3 0.0010502 

N-Glycan biosynthesis 48 11 4 0.0018166 

Hyaluronan Metabolism 8 2 2 0.001875 

Fructose and mannose metabolism 33 21 6 0.001927 

Urea cycle/amino group metabolism 85 39 9 0.0031932 

Keratan sulfate degradation 68 4 2 0.0068439 

Sialic acid metabolism 107 21 5 0.0068821 

Glycosphingolipid metabolism 67 16 4 0.0082138 

Vitamin B9 (folate) metabolism 33 11 3 0.010679 

Starch and Sucrose Metabolism 33 11 3 0.010679 

Alanine and Aspartate Metabolism 30 17 4 0.010787 

Tryptophan metabolism 94 39 7 0.024073 

Selenoamino acid metabolism 35 14 3 0.025485 
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Amino sugars metabolism 69 21 4 0.027862 

Xenobiotics metabolism 110 34 6 0.029208 

Histidine metabolism 33 15 3 0.032525 

Porphyrin metabolism 43 15 3 0.032525 

Ascorbate (Vitamin C) and Aldarate Metabolism 29 9 2 0.046412 
Upregulated in Early OA Phenotype E1 (Downregulated in Phenotype E2) 

  Total Detected Significant P-value 

Butanoate metabolism 34 19 3 0.0012595 

Purine metabolism 80 38 4 0.0022534 

Glutamate metabolism 15 10 2 0.0027626 

Methionine and cysteine metabolism 94 30 3 0.0051311 

Leukotriene metabolism 92 16 2 0.0078615 

Lysine metabolism 52 19 2 0.011907 

Tryptophan metabolism 94 39 3 0.012978 

Valine, leucine and isoleucine degradation 65 20 2 0.013498 

Amino sugars metabolism 69 21 2 0.015211 

Bile acid biosynthesis 82 27 2 0.028037 

Arginine and Proline Metabolism 45 28 2 0.03058 

Galactose metabolism 41 29 2 0.033231 

Pyrimidine metabolism 70 32 2 0.041794 

Drug metabolism - cytochrome P450 53 34 2 0.04797 

 
 
Unsupervised Clustering Suggests OA Phenotypes in Late OA 
 

HCA of late OA also revealed two distinct clusters of donors, L1 and L2, that 

may be representative of late OA phenotypes (Fig. 4.6A). 11 donors clustered in 

phenotype L1, and 6 donors clustered in phenotype L2. Student’s t-test identified 187 

differentially expressed metabolite features between phenotypes L1 and L2 (FDR-

corrected p-value<0.05). Unsupervised PCA illustrated clear separation of potential 

phenotypes L1 and L2, with the first two principal components associated with 35.8% of 

the overall variance (Fig. 4.6B). Global metabolomic profiles were further visualized by 

clustergram analysis revealing overall differences in clusters of metabolites differentially 
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regulated between phenotypes (Fig. 4.6C). Taken together, HCA, PCA, and clustergram 

analysis support two distinct subgroups of donors in this sample population that may be 

representative of late OA phenotypes.  

PLS-DA was employed to investigate specific differences between the 

phenotypes in late OA. PLS-DA revealed clear discrimination between L1 and L2 

phenotypes, with 34% of the variation associated with PC1 and PC2 (Fig. 4.6D). 

Metabolite features with the highest VIP scores matched with known metabolite 

identities including triiodothryonine sulfate, 4-hydroxy-4-(3-pyridyl)-butanoate, sorbitol, 

tyrosine, taurine, and alanine (Fig. 4.6E; Supplemental Table 4.3). These metabolites had 

the greatest impact in classifying donors into late OA subgroups.  
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Figure 4.6. Phenotypes in late OA synovial fluid. (A) Unsupervised HCA of all late OA 
donors. Two clusters of donors were identified and labeled as phenotype L1 (red) and 
phenotype L2 (blue). L1 contained 11 donors, and L2 contained 6 donors. Line length 
represents Euclidean distances between donors and clusters. (B) Unsupervised PCA of all 
early OA donors reveals separation of early OA phenotypes. The first two PCs are 
associated with 35.8% of the variation between phenotypes. (L1=red; L2=blue). (C) 
Clustergram visualization of the overall metabolomic profiles of phenotype L1 (red) and 
L2 (blue). Dendrograms on the top illustrate clustering of donors and the dendrogram on 
the side illustrates clusters of co-regulated metabolite features. Color intensities 
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correspond to the relative abundance of metabolite features, standardized by rows. (E) 
Supervised PLS-DA further illustrated the separation between phenotypes (L1=red; 
L2=blue), with PC1 and PC2 accounting for 34% of the overall variance. (F) PLS-DA 
VIP scores for the top 25 discriminative metabolite features in PC1 and PC2 are labeled 
with corresponding putative metabolite identities. The full list of putative identities is 
presented in Supplemental Table 4.3. (G) Volcano plot visualization of differentially 
regulated metabolite features by Student’s t-test significance and fold change analysis 
(L1:L2). The p-value threshold is represented by the horizontal dashed line (FDR-
corrected p-value<0.05) and the vertical lines represent the fold change threshold (greater 
than twofold change). Metabolite features in the upper right and left quadrants were 
assessed for enriched pathways reported in Table 4.6.  
 
 

Phenotypes L1 and L2 were associated with distinct pathway perturbations. 

Differentially expressed metabolite features were visualized by volcano plot analysis, and 

significantly different metabolite features were analyzed for enriched pathways (Fig. 

4.6F). 10 significant metabolite features were downregulated in L1 and upregulated in 

L2, mapping to 4 significantly perturbed pathways including keratan sulfate and N-

glycan degradation, sialic acid metabolism, and galactose metabolism (Table 4.6; 

Supplemental Table 4.4). 148 significant metabolite features were upregulated in L1 and 

consequently downregulated in L2. These features mapped to 30 significant pathways 

including porphyrin metabolism, vitamin metabolism (B9 and B3), the urea cycle, amino 

acid metabolism, glutathione metabolism, leukotriene metabolism, and arachidonic acid 

metabolism (Table 4.6; Supplemental Table 4.4). These distinct perturbed pathways 

suggest that phenotype L1 is associated with increased oxidative stress and inflammation, 

and phenotype L2 is associated with greater structural degradation.   
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Table 4.6. Perturbed pathways in late OA phenotypes. Pathway enrichment of significant 
metabolite features upregulated and downregulated (p-value<0.05; greater than twofold 
change) with late OA phenotypes in Fig. 4.6F volcano plot analysis comparing phenotype 
L1 to phenotype L2 (L1:L2 fold change ratio). Significant metabolite features greater in 
abundance in the upper right quadrant of the volcano plot (higher in L1 compared to L2) 
in Fig. 4.6F were enriched to reveal corresponding upregulated pathways. Significant 
metabolite features reduced in abundance in the upper left quadrant of the volcano plot 
(lower in L1 compared to L2) in Fig. 4.6F were enriched to reveal corresponding 
downregulated pathways. Pathways are reported with the total metabolites in the 
pathway, the total detected metabolites within the pathway, and total significant (by 
volcano plot analysis) metabolites within that pathway. Only pathways with an FDR-
corrected p-value less than 0.05 are reported. The full list of pathways identified in Fig. 
4.6F volcano plot is reported in Supplemental Table 4.4. 

Downregulated in Late OA Phenotype L1 (Upregulated in Phenotype L2) 

  Total Detected Significant P-value 

Keratan sulfate degradation 68 4 2 0.019848 

N-Glycan Degradation 16 5 2 0.020384 

Sialic acid metabolism 107 21 2 0.02995 

Galactose metabolism 41 29 2 0.035387 
Upregulated in Late OA Phenotype L1 (Downregulated in Phenotype L2) 

  Total Detected Significant P-value 

Porphyrin metabolism 43 15 9 0.00013083 

Alanine and Aspartate Metabolism 30 17 7 0.00014903 

Vitamin B9 (folate) metabolism 33 11 5 0.00018086 

Vitamin B3 (nicotinate and nicotinamide) metabolism 28 12 5 0.00020224 

Urea cycle/amino group metabolism 85 39 10 0.00021275 

Glutamate metabolism 15 10 4 0.0003258 

Leukotriene metabolism 92 16 5 0.00037052 

Arginine and Proline Metabolism 45 28 7 0.00039868 

Methionine and cysteine metabolism 94 30 7 0.00053156 

Histidine metabolism 33 15 4 0.001096 

Glutathione Metabolism 19 10 3 0.0016661 

Nitrogen metabolism 6 4 2 0.0020684 

Beta-Alanine metabolism 20 11 3 0.0023048 

Butanoate metabolism 34 19 4 0.003009 

Lysine metabolism 52 19 4 0.003009 

Aspartate and asparagine metabolism 114 62 10 0.0030692 

Valine, leucine and isoleucine degradation 65 20 4 0.0038276 

Phosphatidylinositol phosphate metabolism 59 21 4 0.0048344 

Amino sugars metabolism 69 21 4 0.0048344 
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Glycine, serine, alanine and threonine metabolism 88 36 6 0.0049222 

Hexose phosphorylation 20 16 3 0.0094927 

Squalene and cholesterol biosynthesis 55 10 2 0.020059 

Purine metabolism 80 38 5 0.024465 

Biopterin metabolism 22 11 2 0.025759 

Arachidonic acid metabolism 95 22 3 0.032157 

Vitamin E metabolism 54 12 2 0.032261 

Pyrimidine metabolism 70 32 4 0.035863 

Tyrosine metabolism 160 59 7 0.039574 

Xenobiotics metabolism 110 34 4 0.046425 

Selenoamino acid metabolism 35 14 2 0.047506 
 
 

We evaluated if the phenotypes in early or late OA may be associated with age, 

sex, or BMI as possible covariates. The mean ages of early OA phenotypes E1 and E2 

were 56.45 ± 2.781 years and 54 ± 3.496 years, respectively. The mean ages of late OA 

phenotypes L1 and L2 were 66 ± 4.637 years, and 78.88 ± 4.006 years, respectively. 

There were no statistically significant differences in age between phenotypes within early 

and late OA (E1 vs. E2; L1 vs. L2; p-value>0.05). Early OA phenotype E1 was 54.55% 

male and E2 was 50% male, with this difference not reaching statistical significance (p-

value>0.05). Late OA phenotype L1 was 27.27% male and L2 was 66.67% male, 

although this difference was also not statistically significant (p-value>0.05). We also 

evaluated if differences in phenotypes may be associated with BMI as a possible 

covariate, although not all patients’ clinical information contained weight, height, and/or 

BMI. The mean BMI for early OA phenotype E1 was 28 ± 1.249 kg, and 27.56 ± 1.613 

kg for E2. The mean BMIs for late OA phenotypes L1 and L2 were 31.89 ± 4.646 kg and 

25.57 ± 5.223 kg, respectively. Differences in BMI within early OA and late OA cohorts 

were not statistically significant (p-value>0.05). Therefore, it is unlikely that differences 
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between phenotypes were associated with age, sex, or BMI as possible confounding 

variables.  

 
 

Discussion 
 
 

To our knowledge, this is the first study to employ LC-MS-based global 

metabolomic profiling of osteoarthritic human SF for generation of OA phenotypes. A 

single prior study used metabolomics for classification of OA phenotypes in SF 

employing a targeted approach to classify patients based on a subset of 186 metabolites 

including acylcarnitines, sphingolipids, glycerophospholipids, and amino acids[9]. Global 

metabolomic profiling of SF provides an unbiased look at joint-specific changes in 

response to disease. Focusing on all detected metabolites in human SF produces a 

network of pathways perturbed with OA. Generating metabolic phenotypes of OA 

provides greater understanding of disease pathogenesis, therapeutic targets, and insight 

for biomarker discovery.  

1362 metabolite features were detected in human SF by LC-MS analysis, and 

global metabolomic profiles were generated for healthy, early OA, and late OA SF. The 

results of this study illustrate changes in the metabolome throughout disease progression, 

with distinct metabolic phenotypes in early and late OA. OA was associated with altered 

extracellular matrix component metabolism, lipid metabolism, inflammation, central 

energy metabolism, oxidative stress, and vitamin metabolism. The pathways perturbed in 

early and late OA were similar, although the activity levels of these pathways were 

exacerbated in late stage disease. Furthermore, distinct phenotypes were found within 
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early and late OA SF. The phenotypes identified in this study pertained to structural 

degradation, inflammation, and/or oxidative stress.  

 
Pathways Perturbed with Disease 

 
Pathways pertaining to extracellular matrix (ECM) structural components, lipid 

metabolism, inflammation, central energy metabolism, oxidative stress, and vitamin 

metabolism were perturbed in both early and late OA compared to healthy controls.  

 
Structural Deterioration. Diseased SF exhibited greater evidence of tissue damage 

compared to healthy SF. Keratan sulfate degradation, N-glycan degradation, sialic acid 

metabolism, and ascorbate metabolism were altered with disease. Heparan sulfate and 

chondroitin sulfate degradation were also altered with diseased, although they were 

marginally significant (p=0.06). Keratan sulfate, chondroitin sulfate, and heparin sulfate 

are glycosaminoglycans (GAGs) that function as the building blocks of the articular 

cartilage. Their presence in the SF is typically indicative of increased cartilage 

turnover[22]. In OA, the articular cartilage is degraded and thus, decreased GAG 

content[23, 24]. These pathways support cartilage degeneration as a hallmark of OA, as 

shown by increased GAG degradation products in the SF of both early and late stage 

disease. OA cartilage also exhibits collagen damage[25]. Ascorbate (vitamin C) is 

required to convert proline to hydroxyproline, a required component in collagen[26]. In 

the present study, ascorbate metabolism increased over the course of disease, consistent 

with numerous studies showing increased collagen synthesis in OA[27, 28]. N-glycans 

also function to provide support to the extracellular matrix (ECM) of the articular 
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cartilage. One study found that alterations in N-glycan concentrations were associated 

with early OA before the development of histological changes[29]. Our findings support 

altered N-glycan metabolism in both early and late stage disease. These structural 

components are typically studied for their role in the articular cartilage ECM, and thus 

their increased presence in the SF suggests that structural deterioration is occurring in 

both early and late stage disease. 

 
Glycerophospholipids and Inflammatory Lipid Mediators. Glycerophospholipid 

metabolism was altered in both early OA and late OA in comparison to healthy SF. 

Clustergram analysis revealed a cluster of co-regulated metabolites higher in diseased SF 

compared to healthy SF that mapped to glycerophospholipid metabolism and 

glycosphingolipid biosynthesis. Volcano plot analysis revealed that metabolites lower in 

OA (both early and late OA) in comparison to healthy also mapped to 

glycerophospholipid metabolism. Lipidomic analyses of OA SF have previously found 

altered levels of glycerophospholipids associated with disease, with elevated levels of 

glycerophospholipids in late OA in comparison to healthy SF[30, 31]. 

Glycerophospholipids are important structural components of the lipid bilayer of cell 

membranes and have roles in signal transduction and transport. Importantly, 

glycerophospholipids serve as the source of arachidonic acid, the precursor for 

prostaglandin and leukotrienes[32]. Prostaglandins and leukotrienes are eicosanoid lipid 

mediators released from arachidonic acid to regulate inflammatory processes. Variable 

levels of prostaglandins and leukotrienes have been measured in human OA synovial 

membrane explants and OA osteoblasts, and many studies have demonstrated the role of 
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eicosanoids in structural degradation in OA[33]. Furthermore, levels of prostaglandins 

have been shown to distinguish between two types of patients with OA[33]. In this study, 

prostaglandin biosynthesis and leukotriene metabolism were identified in concurrence 

with glycerophospholipid metabolism in all analyses. Taken together, these findings 

could suggest that altered glycerophospholipid metabolism may be playing a role in 

regulating inflammation in diseased SF. Further studies are needed to determine the role 

of glycerophospholipids in OA pathogenesis.  

 
Central Energy Metabolism. Coenzyme A catabolism, the TCA cycle, the 

carnitine shuttle, and vitamin B5 biosynthesis were reduced in diseased SF compared to 

healthy controls, suggesting altered central energy metabolism with disease. Coenzyme A 

catabolism was downregulated in early OA in comparison to healthy SF, vitamin B5 

biosynthesis was downregulated in late OA in comparison to healthy SF, and the TCA 

cycle and the carnitine shuttle were downregulated in both early and late OA in 

comparison to healthy SF. Vitamin B5, also known as pantothenic acid, is required to 

synthesize coenzyme A, an important cofactor in the production of acetyl CoA for the 

start of the tricarboxylic acid (TCA) cycle. Coenzyme A also plays an important role in 

the oxidation of fatty acids, in which it acts as a carrier from the cytoplasm to the 

mitochondria. Similarly, the carnitine shuttle transports long-chain fatty acids across the 

inner mitochondrial membrane for fatty acid oxidation. The oxidation of fatty acids 

produces energy for ATP generation by producing acetyl-CoA for entry into the TCA 

cycle. Importantly, one cluster of co-regulated metabolites was reduced over the course 

of disease and mapped to the TCA cycle. This could suggest that altered energy 
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metabolism may be associated with disease severity. The joint is already a hypoxic 

environment, and oxygen levels are further reduced in the joint cavity of OA as there is 

reduced oxygen delivery to the SF due to fibrosis of the joint capsule and subchondral 

bone sclerosis[34-36]. During hypoxia, hypoxia-inducible factors are activated and alter 

energy homeostasis by stimulating anaerobic glycolysis and inhibiting mitochondrial 

aerobic metabolism, including the TCA cycle[37]. The results of this study suggest the 

products of altered energy metabolism are present in diseased SF, with greater aberrant 

energy metabolism activity associated with disease progression.  

  
Oxidative Stress. The hypoxic environment in the joint is associated with 

increased reactive oxygen species (ROS) as the main source of oxidative stress. A 

number of pathways that suggest a role for oxidative stress in OA were altered in 

diseased SF compared to healthy. In particular, a number of antioxidants were reduced 

with disease including vitamin E, vitamin A, and glutathione metabolism. Vitamin A 

metabolism was reduced in early OA compared to healthy SF. Both vitamin E 

metabolism and glutathione metabolism were reduced over the course of disease, while 

ascorbate (vitamin C) metabolism, another antioxidant, was increased with disease. One 

study reported a decrease in levels of ascorbate and glutathione in OA SF, although this 

decrease may be associated with age-related oxidative stress[38]. Another study found 

that of the antioxidants measured, only vitamin E was significantly reduced in OA SF, 

with no significant difference in the levels of ascorbate or glutathione compared to 

control SF[39]. Antioxidants have the capacity to modulate oxidative stress by 

neutralizing ROS in the joints. A greater understanding of antioxidant levels during 
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disease may provide insight into slowing or ameliorating oxidative stress-induced 

damage in the joint. The altered antioxidant metabolism exhibited in diseased SF in this 

study further supports oxidative stress in the development of OA[40]. 

 
Vitamin Metabolism. Vitamin (B6, B5, B9, B3, B1, E, C and A) metabolism was 

altered in diseased SF. Vitamin C (ascorbate) metabolism, as described above, was 

increased with disease. Metabolism of vitamin B6, B5, B9, B1, and E were reduced in 

early and late OA in comparison to healthy SF. Vitamin B3 and A metabolism were 

reduced in early OA in comparison to healthy controls. Metabolism of vitamin B5, B3, 

and B9 were higher in late OA than early OA SF. The physiological significance of 

vitamin E, B5, A, and C were described above for their roles as antioxidants. Vitamin C 

(ascorbate) is not only an antioxidant, but also plays an important role in the synthesis of 

collagen, as mentioned above. Therefore, vitamin E, B5, A, and C metabolism may be 

implicated in OA pathogenesis for their roles in oxidative stress and ECM maintenance.  

Vitamin B6 (pyridoxine) has been more so studied in the context of rheumatoid 

arthritis (RA)[41]. RA is a chronic inflammatory arthritis in which reduced vitamin B6 

levels have been associated with inflammation[41-44]. Vitamin B6 metabolite pyridoxyl 

5’-phosphate has been associated with increased levels of pro-inflammatory cytokines 

and is thought to act as a coenzyme for the production of pro-inflammatory cytokines and 

mediators[45]. The results herein may suggest that OA is also associated with reduced 

vitamin B6 similar to RA, although further studies are needed to determine its role in 

inflammation and OA. 
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Vitamin B3 (nicotinate and nicotinamide) metabolism was reduced in early OA 

compared to healthy SF, but higher in late OA than early OA. Vitamin B3 (niacin) is 

converted to nicotinamide, the pyrimidine ring of nicotinamide adenine dinucleotide 

(NAD) and nicotinamide adenine dinucleotide phosphate (NADPH), which are important 

cofactors in oxidative phosphorylation and the pentose phosphate pathway. Similarly, 

vitamin B1 (thiamin) was reduced with disease. Vitamin B1 is a cofactor for the 

conversion of pyruvate in glycolysis, the conversion of alpha-ketoglutarate in the TCA 

cycle, and the transkelolase reaction in the pentose phosphate pathway[46]. Therefore, 

reduced vitamin B3 and B1 metabolism further support altered energy metabolism 

discussed above. Vitamin B3 is also a required cofactor for the production of nitric oxide 

(NO) by nitric oxide synthase. NO has been shown to have both catabolic and protective 

effects in OA by modulating a variety of inflammatory and anti-inflammatory 

mediators[47]. Thus, altered vitamin B3 metabolism may also support nitric oxide’s role 

in OA pathogenesis.  

Vitamin B9, also known as folate, is most notable for its role in bone health. 

Vitamin B9 plays an important role in detoxifying a methionine metabolite, 

homocysteine. Homocysteine, in excess, promotes osteoporosis and atherosclerosis and 

altered collagen synthesis[48]. Reduced vitamin B9 (as shown in this study) may be 

leading to increase homocysteine in the joint cavity, leading to the deleterious effects of 

homocysteine. Additional studies are needed to further elucidate homocysteine’s role in 

OA, although the results herein suggest that vitamin B9 may be implicated in OA 

pathogenesis. 
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Changes from Early to Late Stage OA 
 
Despite a number of similarly regulated pathways in early and late OA, the results 

herein illustrate that the metabolomic profile of early OA is distinct from late stage 

disease. Focusing on volcano plot analysis of late OA compared to early OA, few 

pathways were downregulated with late stage disease. Pathways pertaining to 

inflammation (leukotriene, arachidonic acid, and glycerophospholipid metabolism), 

altered central energy metabolism (CoA catabolism, and vitamin B3 and B5 metabolism), 

oxidative stress (vitamin E metabolism), and structural degradation (N-glycan 

degradation and sialic acid metabolism) were all upregulated in late OA compared to 

early OA. Interestingly, the majority of these differentially regulated pathways were also 

identified within the cluster of co-regulated metabolites lower in disease (both early and 

late OA) compared to healthy SF. This suggests that in early OA, there may be an initial 

reduction in activity of these pathways in comparison to healthy SF, but these slowly 

regain limited activity by late stage disease. 

 
Phenotypes of OA in Synovial Fluid from Early and Late Stage Disease 

 
OA is a heterogeneous disease, known to present in a variety of phenotypes (e.g. 

erosive hand OA compared with idiopathic knee OA). Because of this, we investigated if 

distinct metabolic phenotypes existed within OA SF aside of disease state (i.e. early vs. 

late) using HCA to identify clusters of donors within early and late OA. We identified 

two distinct phenotypes in early OA, labeled as E1 and E2. Phenotype E2 exhibited 

greater chondroitin sulfate, heparan sulfate, N-glycan, and keratan sulfate degradation, 

sialic acid metabolism, and ascorbate metabolism than phenotype E1. Despite the 
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observations of similar macroscopic damage between phenotypes E1 and E2, these 

pathways suggest that phenotype E2 had greater structural degradation products in the 

SF. The second phenotype, E1, exhibited increased butanoate metabolism, galactose 

metabolism, and leukotriene metabolism. Leukotrienes, as previously mentioned, are 

eicosanoid inflammatory mediators, and butanoate is a short chain fatty acid known to 

modulate inflammation. This may suggest that phenotype E1 is associated with greater 

inflammation than phenotype E2. Previous studies show that inflammation precedes 

structural changes in early OA[49], with the metabolic phenotype of E1 supporting this 

finding. However, the structural degradation pathways identified in E2 suggest that 

structural changes are occurring even early in disease progression. Taken together, these 

results suggest that early OA in this donor population can be divided into two distinct 

phenotypes, one exhibiting early structural degradation and the other exhibiting increased 

inflammation. 

We also identified two distinct phenotypes in late OA, L1 and L2. Phenotype L2 

exhibited greater keratan sulfate, N-glycan, and sialic acid degradation than phenotype 

L1. Late stage OA is associated with articular cartilage degradation, and all late OA 

donors received similar OA grades based on macroscopic joint damage. Despite this, L2 

exhibited greater evidence of degradation in the SF compared to phenotype L1. 

Phenotype L1 exhibited increased arachidonic acid metabolism, leukotriene metabolism, 

and glutathione metabolism. This could suggest that phenotype L1 is associated with a 

phenotype of oxidative stress and inflammation. Oxidative stress and inflammation have 

been extensively studied for their role in OA pathogenesis, yet both have been shown to 
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contribute to OA by promoting cartilage degradation[50]. Despite this, phenotype L1 

exhibited reduced structural deterioration products in the SF compared to phenotype L2. 

This suggests that OA pathogenesis may present distinct phenotypes of late OA 

pertaining to either greater damage or greater oxidative stress and inflammation.  

These results provide important insight for biomarker discovery for OA. With 

distinct phenotypes existing in both early and late OA SF, it is possible that unique 

biomarkers will be identified within each phenotype. Furthermore, the distinct 

discriminative metabolites identified between cohorts further support a greater 

understanding of OA phenotypes for biomarker discovery. 

 
Confounding Variables 
 

Clinical information was analyzed to assess potential covariates. Specifically, we 

investigated age, sex, and BMI as potentially confounding variables. We found that there 

was a significant difference in ages between healthy, early, and late OA, and therefore 

variations in metabolomic profiles could possibly be associated with these age 

differences. This is especially important to consider when interpreting the increased 

oxidative stress found in OA SF in this study, given that aging is also known to increase 

oxidative stress[40]. Further studies are needed to elucidate the effect of age on the 

metabolomic profiles of human SF and determine if oxidative stress present in OA SF is 

related to disease or aging. However, BMI and male:female ratios were not significantly 

different between cohorts and likely do not contribute to the differences exhibited. 

Comorbidities could also be contributing to some of the findings presented in this study, 

although extensive clinical data were not provided for all patients. Obtaining complete 
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clinical information would be extremely beneficial for future studies to ensure phenotypic 

differences are not associated with confounding variables.  

 
Limitations  
 

This study does have important limitations and opportunities for future studies. 

First, the sample size for this study was relatively small (n=75). Some cohorts, such as 

healthy (grade=0), consisted of only 6 SF samples, whereas early OA contained 55. With 

a small sample size, it is unlikely that all metabolic phenotypes were represented. 

Furthermore, this sample did not contain complete clinical information. Age and sex were 

provided for all patients, BMI was provided for most, but others lacked cause of death, 

prior medical history, and/or ethnicity. Importantly, age was identified as a potential 

confounder in this study. Age matching samples within experimental cohorts would have 

improved the study to avoid potential confounding by age. Future studies will increase 

the sample size and obtain as complete clinical information as possible to take into 

consideration all potential confounders and attempt to age match samples to allow direct 

comparison of results within age groups. 

 
Conclusions 

 
This is the first study to generate global metabolomic profiles of early and late 

OA SF and identify OA phenotypes within early and late OA cohorts. The perturbed 

pathways in early and late OA provide insight into OA progression and provide ample 

molecular pathways to further investigate for potential biomarkers of OA and as targets 

for drug discovery. Furthermore, the identification of specific OA phenotypes supports 
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the heterogeneity of disease and need for personalized medicine for OA interventions. 

Expansion of this study will seek to identify candidate biomarkers of early and late OA in 

human SF and within OA phenotypes.  
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IN VIVO MECHANOTRANSDUCTION: EFFECTS OF ACUTE EXERCISE ON THE 
METABOLOMIC PROFILES OF MOUSE SYNOVIAL FLUID 

 
 

Abstract 
 
 
 Exercise is known to induce beneficial effects in the synovial joints. However, the 

mechanism underlying these beneficial effects of exercise remains unclear. Synovial 

joints are subject to repeated loading during joint exercise. The mechanical stimuli 

experienced by the joint are transduced into biological responses, with this process 

termed mechanotransduction. Mechanotransduction in the joint is typically studied in the 

context of bone and chondrocytes. However, the synovial fluid is a mechanosensitive 

fluid in the joint cavity that has received little attention in joint mechanotransduction. The 

synovial fluid functions to provide lubrication and supply nutrients to the articular 

cartilage chondrocytes. It is in direct contact with all components of the joint cavity, and 

thus will produce a whole-joint picture of how the joint responds to loading and provide 

insight into the potentially beneficial effects of exercise in the joint. The objective of this 

study was to determine metabolic phenotypes in the synovial fluid following acute 

exercise to identify mechanosensitive pathways and metabolites to provide insight into 

synovial fluid mechanotransduction. Mice (n=8) were subject to one bout of wheel 

running and synovial fluid was harvested immediately following acute exercise for global 

metabolomic profiling by LC-MS. Global metabolomic profiles were generated for acute 

exercised and unexercised mouse synovial fluid and revealed that acute exercise 

produced a distinct metabolic phenotype in the synovial fluid. Mechanosensitive 

metabolites identified included coenzyme A derivatives, prostaglandin derivatives, 
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phospholipid species, tryptophan, methionine, vitamin D3, fatty acids, and 

thiocholesterol. Enrichment analysis identified a number of pathways previously linked 

to exercise including amino acid metabolism, inflammatory pathways, citrulline-nitric 

oxide cycle, catecholamine biosynthesis, ubiquinol biosynthesis, and phospholipid 

metabolism. To our knowledge, this is the first study to investigate in vivo 

mechanotransduction in synovial fluid. The results herein provide insight into the 

beneficial effects of acute exercise and synovial fluid mechanotransduction.  

 
 

Introduction 
 
 

Diarthrodial (also known as synovial) joints allow force transmission and joint 

rotation between long bones. Synovial joints include the knee, hip, shoulder, and wrist—

the most commonly affected joints for osteoarthritis (OA). They are characterized by the 

presence of a joint cavity that contains the articular capsule, articular cartilage surfaces, 

synovial membrane, and synovial fluid (SF). Because synovial joints experience frequent 

loading during and through motion, the biomechanical properties and mechanobiological 

implications of tissues from these joints have been subject to extensive research.  

Mechanotransduction is the conversion of a mechanical stimulus into a biological 

response. Within the synovial joint, the articular cartilage and periarticular bone have 

been most studied in the context of mechanotransduction. Chondrocytes, the highly 

specialized resident cell type in articular cartilage, produce and maintain the cartilage 

matrix by responding to the mechanical environment in the joint[1]. Studies show that 

dynamic loading in the joint maintains the cartilage matrix by promoting anabolic 
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processes in chondrocytes, whereas inactivity typically leads to the breakdown of 

cartilage[2]. When chondrocytes fail to maintain homeostasis of these anabolic and 

catabolic processes, osteoarthritis (OA) may develop[3].  

Periarticular bone surrounds the joint capsule. Physiological loading is necessary 

to maintain bone homeostasis. A lack of physiological loading results in bone resorption 

whereas an excess of physiological loading results in increased bone formation[4]. 

Osteoblasts and osteocytes are the main mechanosensitive cells in the bone that respond 

to mechanical stimuli by promoting bone growth, remodeling, and repair and maintain 

homeostasis of the bone[4]. A number of studies show that mechanical stimuli induce 

proliferation of bone cells which leads to greater matrix synthesis[4]. Increased matrix 

synthesis leads to overall greater bone mass in response to loading[4]. 

The SF, however, has received less focus in joint biomechanics and 

mechanotransduction studies. The SF is a mechanosensitive fluid with non-Newtonian 

flow characteristics located in the joint cavity[5, 6]. It is a plasma dialysate that is 

secreted by the synovial membrane, and contains a pool of molecules from the blood 

plasma and cells in the joint such as synoviocytes, chondrocytes, osteoblasts, osteoclasts, 

osteocytes, fibroblasts, or inflammatory cells recruited to the synovium, as well as cells 

from other soft tissues including ligaments, tendons, and menisci[6]. Because of its 

collection of metabolites from a variety of joint components, it is likely to reflect the 

overall local state of the joint. Although mechanotransduction studies in synovial joints 

have focused on articular cartilage and the periarticular bone, the SF may provide a 

whole-joint perspective on mechanotransduction in diarthrodial joints. 



 
 

174 

 

Mechanotransduction in synovial joints has been of particular interest in regard to 

OA. OA is the most common degenerative joint and is most commonly associated with 

the degradation of articular cartilage. Previously thought to be solely wear-and-tear of 

articular cartilage, it is now accepted that OA affects the whole joint including the 

articular cartilage, synovium, synovial fluid, and surrounding bone[7]. A number of risk 

factors including age, obesity, joint trauma, and physical activity (or inactivity) are 

associated with the development of OA[8, 9]. These OA risk factors are associated 

altered biomechanics, metabolic perturbations, inflammation, and systemic factors—all 

of which could be contributing to OA pathogenesis.  

Exercise is a non-pharmaceutical, mechanobiological intervention prescribed to 

manage OA[10]. Low-impact exercise has been prescribed to maintain joint range of 

motion, improve strength and joint performance, and alleviate symptoms of OA such as 

inflammation[10-12]. Regular exercise is also effective in the prevention of obesity, a 

major risk factor for the development of OA[13], and reversing some of the effects of 

aging[14]. One study found that short term voluntary wheel running reduced OA severity 

in the medial femoral head in an obese mouse model[15]. Despite low to moderate 

exercise as a prescribed therapeutic intervention, the underlying mechanism of the 

beneficial effects remains unclear. 

Metabolomics, or the study of small molecules in a biological system, is a 

promising method to characterize changes in joint biology[16]. Changes in the 

metabolome occur on a much faster timescale than in the proteome or genome, and thus 

more sensitively reflect the physiological state of the system[17]. Global metabolomic 



 
 

175 

 

profiling, specifically, is an unbiased approach that detects as many metabolites as 

possible in a biological system, as opposed to targeted approaches that focus on a specific 

predetermined subset[18].  

While there is evidence that exercise has beneficial effects in the management of 

OA, no study to date investigates how any amount of exercise alters global joint 

metabolism. To take the first steps in understanding how exercise affects the joint 

metabolome, we examined metabolomic perturbations in SF following acute exercise (a 

single bout of physical activity). Global metabolomic profiling of SF will reflect any 

local changes in the joint in response to exercise. Mice were subject to one night of wheel 

running and SF was harvested immediately following exercise for global metabolomic 

analysis by LC-MS. We aimed to identify specific mechanosensitive metabolites and 

mechanosensitive pathways in the SF to provide insight into the overall joint response to 

acute exercise. We hypothesized that acute exercise would decrease inflammatory 

pathways but increase anabolic pathways to maintain joint homeostasis.  

 
 

Methods 
 
 
Experimental Design 
 

12-14 week-old male C57BL/6J mice were randomly divided in control and 

experimental groups. The control group (control: n=6) had no access to wheel running, 

and the exercised group (ex: n=8) was provided a wheel for voluntary exercise for a 

single night. Animals were housed one per cage as previously described[19]. Mice ran 

on a standard stainless-steel mouse running wheel (diameter=11.5cm, width=5.2cm, Mini 
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Mitter, Bend, OR). Data were automatically collected via magnetic reed switch sensors 

that count the number of wheel revolutions per minute. Mice were euthanized following 

one hour following exercise. All animal experiments were approved by the Institutional 

Animal Care and Use Committee at the Oklahoma Medical Research Foundation. 

 
Synovial Fluid Collection  
 

Immediately following euthanasia, SF was recovered using a calcium sodium 

alginate compound (CSAC) as previously described[20]. Joints were dissected, the 

patellar tendon was retracted, and a small, 3mm Melgisorb (Tendra, REF 250600; 

Goteborg, Sweden) wound dressing was pressed against the articular cartilage surfaces to 

absorb the SF. The wound dressing was added to 35 uL of Alginate Lyase in H2O (1 

unit/mL concentration; derived from Flavobacterium, Sigma-Aldrich A1603-100MG), 

vortexed, and digested at 34°C for 30 minutes. The viscosity was lowered by adding 15 

uL of 1.0M sodium citrate (C6H5Na3O7) to chelate the Ca2+ ions. The samples were 

measured for volume and then frozen at -80°C until metabolite extraction and analysis.  

 
Metabolite Extraction 
  

Metabolites were extracted from SF as previously described with slight 

modification[21, 22]. Thawed SF samples were centrifuged at 4°C at 500xg for 5 minutes 

to remove cells and debris. The supernatant was collected and vacuum concentrated for 

~2 hr. The dried pellet was re-suspended in mass spectrometry grade 50:50 water: 

acetonitrile at -20°C for 30 min to extract metabolites. The sample was then vortexed for 

3 min and centrifuged at 16100xg for 5 min at 4°C. Proteins were precipitated by adding 
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250 µL of acetone, followed by 3 min of shaking and overnight refrigeration at 4˚C. The 

mixture was then centrifuged for 5 min at 16,100xg for 5 min and supernatant was 

collected and vacuum concentrated. The dried pellet was re-suspended in 50:50 

water:acetonitrile.  

 
Metabolomic Profiling by HPLC-MS 
 

Metabolite extracts were analyzed for metabolomic profiling using an Agilent 

1290 UPLC system (Agilent, Santa Clara, CA) coupled to an Agilent 6538 Q-TOF mass 

spectrometer (Agilent Santa Clara, CA) in positive mode with a resolution of ~20,000 

and accuracy of ~5 ppm. Samples were run on a Cogent Diamond Hydride HILIC 150 x 

2.1 mm column (MicroSolv, Eatontown, NJ) in normal phase using previously optimized 

gradient elution methods[21]. Total run time was 15 minutes including a 2-minute wash 

prior to each sample.  

 
Data Processing 

 
Spectra were analyzed in MZMine 2.14 for peak detection[23]. A noise level 

threshold of 1000 was applied, retention times and mass-to-charge ratios were normalized 

across spectra, and peaks were aligned. Metabolite features with median intensity values 

of zero in both control and exercised groups were eliminated and any remaining zeroes 

were replaced with one-half the minimum peak intensity for further analysis[24].  

 
Statistical Analyses 
 

Statistical analyses were performed in MetaboAnalyst[24] and MATLAB 

(Mathworks, Inc.). Raw data were filtered by standard deviation, normalized by the 
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median, log transformed, standardized (mean-centered and divided by standard 

deviation), and filtered by standard deviation. These processed data were used for all 

analyses unless otherwise noted. Kolmogorov-Smirnov (KS) tests were used to compare 

the median metabolite distributions of control and exercised datasets (a priori pks<0.05). 

To identify differentially expressed metabolite features, fold change (FC) analysis (on 

data prior to normalization), Student’s t-tests, and volcano plot analysis were applied. 

Enrichment analysis of differentially expressed metabolite features was performed using 

the MS Peaks to Pathways mummichog application in MetaboAnalyst[24, 25]. 

Mummichog matches all detected features to possible matched metabolites (mass 

tolerance: 0.1 ppm) in the global network of pathways and searches for local enrichment 

to reveal the ‘true’ activity network and the most likely compound metabolite matches. 

Mummichog reports the activity network as pathways and assigns an FDR-corrected p-

value to reveal the most likely enriched pathways (FDR-corrected p-value<0.05).  

Hierarchical clustering analysis (HCA), clustergrams, and partial least squares-

discriminant analysis (PLS-DA) were implemented to visualize both sample-to-sample 

variation and overall metabolomic profiles of control and exercised SF. PLS-DA score 

plots include 95% confidence ellipses which quantify significant class separation[26]. 

Mechanosensitive metabolites were identified using the variable of importance projection 

(VIP) scores from PLS-DA, correlation coefficients, and volcano plot analysis. VIP 

scores indicated which metabolite features contributed the most to the variation between 

exercised and sedentary groups. Similarly, we identified strongly correlated metabolite 

features by visualizing the empirical cumulative distributions of correlation coefficients 
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and considered the metabolite features with the ten highest (accumulated) and ten lowest 

(depleted) correlation coefficients as mechanosensitive metabolites. Lastly, significant 

up- and down-regulated metabolite features revealed by volcano plot analysis (greater 

than twofold change and p-value<0.05) were considered mechanosensitive metabolites. 

Mechanosensitive metabolites were putatively identified using the metabolite database, 

METLIN (adducts: H+ and Na+; mass tolerance: 15 ppm; removed drugs and toxins)[27, 

28].  

 
 

Results 
 
 

The objective of this study was to determine the whole-joint metabolic response 

to acute exercise by profiling changes in the synovial fluid. Mice were subject to one 

night of wheel running and SF was collected immediately following euthanasia[20]. The 

SF contains a pool of metabolites from all components in the joint and yields a snapshot 

of the whole joint’s response to exercise. Metabolites were extracted from mouse SF and 

analyzed via LC-MS for global metabolomic profiling to minimize bias from pre-

selecting pathways and/or metabolites of interest and thus provide insight into overall 

joint metabolism following acute exercise. A total of 2812 metabolite features were 

detected in mouse SF in this study. Global metabolomic profiles were generated for 

exercised and sedentary control cohorts and revealed significant differences occurring in 

the joint with exercise.  
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Acute Exercise Altered Global Metabolomic Profiles 
 

Acute exercised induced metabolic changes in the joint. The global metabolomic 

profile of acute exercised SF was significantly different than sedentary SF, as shown by 

KS-test (pks<0.01; Fig. 5.1A). HCA, an unsupervised clustering method, was used to 

determine any natural partitioning of samples and assign distances between clusters. 

HCA of all samples was capable of distinguishing the majority of acute exercised 

samples from sedentary controls (Fig. 5.1B). Clustergram analysis revealed groups of co-

regulated metabolites and sample-to-sample variation that could be contributing to HCA 

sample groupings. The distinct metabolomic profiles between exercised and sedentary 

control cohorts further supports the SF as a mechanosensitive fluid, with a single bout of 

physical activity inducing metabolic changes in the SF.  
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Figure 5.1. Acute exercise results in distinct metabolomic profiles. (A) Acute exercise 
alters the cumulative metabolite distributions. Mirrored metabolite feature distributions of 
m/z values and corresponding intensities were plotted to illustrate any differences in 
distributions. KS test showed a statistically significant (pks<0.01) change in metabolite 
distributions comparing control to acute exercised SF. (B) Unsupervised hierarchical 
cluster analysis illustrates unsupervised clustering of most exercised (red line) and 
control samples (blue line). Tree distances are represented as Euclidean distances. Red 
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represents exercised SF and blue represents control SF. (C) Clustergram representation of 
all metabolite features detected shows overall metabolomic profiles of each sample. 
Clustering of samples is illustrated by the dendrogram on the top, and clustering of co-
metabolites is illustrated by the dendrogram on the side. (D) Supervised PLSA-DA 
clearly discriminated between acute exercised and control samples. PLS-DA score plot 
illustrated separation between of exercised and control samples, with PC1 containing 
13.2% of the variation and PC2 containing 14.5% of the variation. 
 
 

A supervised clustering method, PLS-DA, was also employed to visualize the 

distinct metabolomic profiles of acute exercised and control SF. PLS-DA separated 

control from acute exercised SF samples with the first 2 components containing 27.7% of 

the variation between datasets (Fig. 5.1D). Importantly, the PLS-DA score plot shows 

95% confidence ellipses that quantify class separation. The PLS-DA score plot shows 

separation between exercised and control cohorts, with some overlap between cohort 

clusters (Fig. 5.1D). Taken together, KS-test, HCA, and PLS-DA suggest that acute 

exercise induced metabolic changes in the SF in comparison to unexercised controls, 

further supporting the SF as a mechanosensitive fluid.  

 
Mechanosensitive Metabolites 
 

We investigated specific metabolite features associated with acute exercise in SF 

to gain insight into in vivo mechanotransduction in the joint. Variable Importance in 

Projection (VIP) in PLS-DA, correlation coefficient analysis, and volcano plot analysis 

were used to reveal mechanosensitive metabolites.  

VIP in PLS-DA was used to identify variables that contribute the most to the 

separation between exercised and control cohorts in the PLS-DA score plot (Fig. 5.1D; 

Fig. 5.2). Metabolite features with the highest scores have the greatest ability to classify 
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samples into their respective cohorts by PLS-DA. Phosphatidylcholine (PC), 

phosphatidylserine (PS), thiocholesterol, and tryptophan derivatives were some of the 

putatively identified mechanosensitive metabolites (Table 5.1). Interestingly, 20 of 25 

mechanosensitive metabolite features with the highest VIP scores had metabolite 

intensities greater in exercised than control SF (Fig. 5.2, Table 5.1). This indicates that 

differences between exercised and sedentary control joints are mainly attributed to 

exercised-induced increases in metabolite expression as opposed to depletion of 

metabolites in the SF.  

We expanded our analysis of PLS-DA VIP scores from the top 25 metabolite 

features to all features with a VIP score greater than 1.5 to investigate what pathways the 

discriminative metabolites are involved in. Although not statistically significant, 

discriminative metabolite features were involved in corticosteroid, prostaglandin, and 

ubiquinol biosynthesis as determined by enrichment analysis (Supplemental Table 5.3).  
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Figure 5.2. Mechanosensitive metabolites: PLS-DA revealed mechanosensitive 
metabolites in mouse synovial fluid. PLS-DA VIP scores determined the top 25 
mechanosensitive metabolite features that contributed the most to the variation between 
datasets. The majority of metabolite features with high VIP scores had higher intensities 
in exercised than controls as evidenced by colored squares on the right. These features 
are matched to metabolite identities in Table 5.1. Select mechanosensitive metabolite 
features higher in exercised than control SF matched with metabolite identities N-acetyl 
tryptophan and phosphatidylserine. Select mechanosensitive metabolite features with 
lower intensities in exercised than control SF matched to thiocholesterol and 
phosphatidylcholine.  
 
 
Table 5.1. Mechanosensitive metabolites identified by PLS-DA VIP scores. VIP scores in 
PLS-DA identified metabolite features that contributed the most to the variation between 
control and exercised datasets. The top 25 metabolite features were matched with 
potential metabolite identities using the metabolite database METLIN (adducts: H+, Na+; 
mass tolerance: 15 ppm). False positives and drugs were removed from compound 
matches. An uncondensed list of compound matches is shown in Supplemental Table 5.4.   

MECHANOSENSITIVE METABOLITE FEATURES 

PLS-DA VIP 

Metabolite Identity Mass PPM Adduct Feature VIP score High(↑)/Low(↓) 
with Ex 

     540.3787308 3.2385 ↓ 

     724.3843297 3.1837 ↑ 

     432.3287659 2.9562 ↑ 

     254.1659953 2.9487 ↑ 

alpha-licanic acid 292.2038 11 Na 315.1893049 2.9388 ↑ 

VIP scores

575.3056708
608.3555145
544.3290849
426.3269309
447.2428487
678.4982526
425.3225082
724.4128876
269.1048467
490.2615585
636.3336589

574.296524
565.2744141
158.9621908

275.105217
416.2059441
389.2767817
269.0934337
574.3215061
588.3494507
315.1893049
254.1659953
432.3287659
724.3843297
540.3787308

Exe
rci

se
d

Con
tro

l

2.4

Metabolite
feature
(m/z)

Phosphatidylcholine
Thiocholesterol

N-Acetyl Tryptophan

2.6 2.8 3.0 3.2

Phosphatidylserine
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Oxo-phytodienoic Acid 292.2038 11 

Colnelenic acid 292.2038 11 

Octadecatrienoic acid derivatives 292.2038 11 

Etherolenic acid 292.2038 11 

    Na 588.3494507 2.8234 ↑ 

Phosphatidylserine 573.3067 13 H 574.3215061 2.7651 ↑ 

Phenyalanyl-cysteine 268.0882 7 

H 

269.0934337 2.7517 ↑ 

benzopyrene derivatives 268.0888 9 

3-hydroxyphenoytoin 268.0848 5 

5-(4-hydroxyphenyl-5-phenylhydantoin 268.0848 5 

 2,4-Imidazolidinedione 268.0848 5 

N-acetyl-D-tryptophan 246.1004 14 
Na 

Methionyl-prolnie/prolyl-methionine 246.1038 1 

     389.2767817 2.5654 ↑ 

     416.2059441 2.5421 ↑ 

(1xi,3S)-1,2,3,4-Tetrahydro-1-methyl-beta-
carboline-1,3-dicarboxylic acid 274.0954 9 H 

275.105217 2.5367 ↑ 

p-(3,4-Dihydro-6-methoxy-2-naphthyl)phenol 252.115 3 

Na 

(1Z,4Z)-1,5-bis(4-hydroxyphenyl)-1,4-
pentadiene 252.115 3 

2-Phenylethyl 3-phenyl-2-propenoate 252.115 3 

Cinnamyl phenylacetate 252.115 3 

     158.9621908 2.5173 ↑ 

Chaetoglobosin N 542.2781 12 Na 565.2744141 2.5167 ↑ 

     574.296524 2.5135 ↑ 

     636.3336589 2.4987 ↑ 

     490.2615585 2.4765 ↑ 

Idebenone metabolite (QS-4) 268.0947 10 
H 

269.1048467 2.4558 ↑ diethyl 2,6-dimethyl-4-oxo-4h-pyran-3,5-
dicarboxylate 268.0947 10 

3,3'-diindolylmethane 246.1157 0 Na 

Phosphatidylserine 701.4268 4 Na 724.4128876 2.4345 ↑ 

Unoprostone isopropyl ester 424.3189 8 H 

425.3225082 2.4303 ↓ 
4,4'-Diaponeurosporene 402.3287 10 

Na Vitamin D3 derivatives 402.3298 8 

Thiocholesterol 402.332 2 

Phosphatidylcholine 677.4996 12 H 678.4982526 2.4231 ↓ 

clavulone derivatives 446.2305 11 

H 447.2428487 2.4219 ↑ 6B-Hydroxybudesonide 446.2305 11 

ethyl-1-(2,4,6-trihydroxy-3-
isobutyrylphenyl)butyl]-4-cyclohexene-1,3-
dione 

446.2304 11 
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1-heptadecanoyl-sn-glycerol 3-phosphate 424.259 11 
Na 

Phosphatidic acid 424.259 11 

     426.3269309 2.4128 ↓ 

     544.3290849 2.391 ↑ 

     608.3555145 2.3803 ↓ 

2,3-diacetoxy-7,8-epoxy-24,29-dinor-1,3,5-
friedelatriene-20-carboxylic acid 13 13 Na 575.3056708 2.3351 ↑ 

 
 

Mechanosensitive metabolites of which had the greatest accumulation or 

depletion with acute exercise were identified by correlation coefficient analysis. 

Correlation analysis examined the effects of acute exercise on metabolite intensities in 

comparison to controls. There were 191 statistically significant metabolite features that 

correlated with acute exercise, 87 of which were positively correlated (accumulated or 

synthesized) and 104 were negatively correlated (depleted or consumed) (Fig. 5.3). The 

strongest positively and negatively correlated metabolites were considered 

mechanosensitive metabolites (Table 5.2). Of those features identified as 

mechanosensitive metabolite features, a select few putative metabolite identity matches 

included coenzyme A derivatives, a vitamin D3 derivative, a prostaglandin derivative, 

PS, and PC (Fig. 5.3, Table 5.2). 
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Figure 5.3. Mechanosensitive metabolites: Acute exercise results in accumulation and 
depletion of metabolites in mouse synovial fluid. We visualized the empirical cumulative 
distribution of correlation coefficients to determine metabolite features strongly 
correlated to acute exercise. Metabolite features with a correlation coefficient greater than 
0.7 or less than -0.7 were considered accumulated (blue) or depleted (red), respectively. 
The top 10 accumulated and top 10 depleted metabolite features were considered 
mechanosensitive metabolites and matched with metabolite identities in Table 5.2.  
 
 
Table 5.2. Mechanosensitive metabolites identified by correlation coefficient analysis. 
Correlation coefficient analysis identified metabolite features that were accumulated or 
depleted after acute exercise. Strongly correlated features were matched with metabolite 
identities using METLIN (adducts: H+, Na+; mass tolerance: 15 ppm). False positives and 
drugs were removed from compound matches. An uncondensed list of compound 
matches is shown in Supplemental Table 5.5.   

MECHANOSENSITIVE METABOLITE FEATURES 

Correlation Coefficient Analysis 

Metabolite Identity Mass PPM Adduct Feature Coefficient Accumulated(↑)/Depleted(↓) 

       491.4027 -0.9915 ↓ 

       618.4603 -0.9811 ↓ 

Phosphatidylcholine 591.39 9 Na 614.3851 -0.9694 ↓ 

       755.0263 -0.9668 ↓ 

Phosphatidylserine 511.3274 11 Na 534.3227 -0.9634 ↓ 

       928.7207 -0.9605 ↓ 

6-Monoacetyl morphine-3-O-glucuronide 373.2406 0 H 374.2475 -0.9595 ↓ 
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Androsta-5,16-dienol[17,16-b]quinolin-3beta-ol 373.2406 0 

Dodecylphosphocholine 351.2538 11 
Na 

2,3-dinor-6-keto Prostaglandin F1α-d9 351.2607 6 

       141.9570 -0.9561 ↓ 

       491.8885 -0.9537 ↓ 

       686.3827 -0.9523 ↓ 

       250.1348 0.9286 ↑ 

       342.2328 0.9337 ↑ 

Vitamin D3 derivative 522.3764 1 H 545.3847 0.94400 ↑ 

       697.9982 0.94776 ↑ 

       328.2565 0.9491 ↑ 

Phenylglyoxyl-CoA 899.1363 11 H 
900.1329 0.9606 ↑ 

3,4-didehydroadipyl-CoA semialdehyde 877.152 9 Na 

       328.2696 0.9664 ↑ 

Phosphatidylserine 899.6615 9 H 
900.6772 0.9727 ↑ 

Phosphatidylcholine 877.6924 4 Na 

       359.2435 0.9732 ↑ 

Hydroxypentobarbital 242.1267 2 H 

243.1333 0.9760 ↑ 

2,6-di-tert-butylbenzoquinone 220.1463 9 

Na 

3-Phenylpropyl isovalerate 220.1463 9 

13-Nor-6-eremophilene-8,11-dione 220.1463 9 

Hexyl phenylacetate 220.1463 9 

2-Phenylethyl hexanoate 220.1463 9 

Tetradecene-1,3-diyne-diol derivatives 220.1463 9 

2-Methyl-1-phenyl-2-propanyl butyrate 220.1463 9 

 
 

Volcano plot analysis showed significant mechanosensitive metabolite features 

upregulated (accumulated or synthesized) and downregulated (depleted or consumed) 

based on p-value (prior to FDR-correction) and magnitude of change by fold change 

analysis (Fig. 5.4). 16 significant metabolite features were upregulated and 6 were 

downregulated (p-value<0.05, greater than twofold change; Fig. 5.4). These 

mechanosensitive metabolite features were matched to putative metabolite identities 
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shown in Table 5.3. Select significant mechanosensitive features upregulated included 

fatty acids, cysteinyl-phenylalanine, and tryptophan. Select significant mechanosensitive 

features downregulated included vitamin D3 derivatives, and thiocholesterol (Fig. 5.4, 

Table 5.3).  

 
 

 
Figure 5.4. Mechanosensitive metabolites: Volcano plot analysis reveals differentially 
expressed metabolites in response to acute exercise. Volcano plot analysis shows 
significant metabolite features upregulated or downregulated by both p-value (-log(p-
value)) and fold change (log2(exercised/sedentary)). Metabolite features in the upper 
right and left quadrants (dashed lines) have a p-value<0.05 and greater than twofold 
change. The dotted lines represent a p-value cutoff of 0.05 (horizontal) and fold change 
threshold of 2 (vertical). Select significant metabolite features are labeled with their 
corresponding m/z values. The significant metabolite features are matched to metabolite 
identities in Table 5.3.  
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Table 5.3. Mechanosensitive metabolites identified by volcano plot analysis. 
Mechanosensitive features upregulated or downregulated with exercise were identified by 
volcano plot analysis. Features with a greater than twofold change and p-value (prior to 
FDR correction) less than 0.05 were considered mechanosensitive metabolites. 
Metabolite identities were assigned via METLIN (adducts H+, Na+; mass tolerance: 15 
ppm). False positives and drugs were removed from compound matches. An 
uncondensed list of compound matches is shown in Supplemental Table 5.6.   

MECHANOSENSITIVE METABOLITE FEATURES 

Volcano Plot Analysis 

Metabolite Identity  Mass PPM Adduct Feature Fold 
Change P-value Accumulated(↑)/Depleted(↓) 

      540.3787 0.07398 0.002015 ↓ 

      724.3843 3.0682 0.002631 ↑ 

      432.3288 14.191 0.006931 ↑ 

      254.1660 4.7594 0.007132 ↑ 

alpha-licanic acid 292.2038 11 

Na 315.1893 2.2216 0.007407 ↑ 

Colnelenic acid 292.2038 11 

Etherolenic acid 292.2038 11 

Octadecatrienoic acid 
derivatives 292.2038 11 

Oxo-phytodienoic acid 
derviatives 292.2038 11 

      588.3495 6.6728 0.01123 ↑ 

Phosphatidylserine 573.3067 13 H 574.3215 2.8375 0.01366 ↑ 

3-hydroxyphenytoin 268.0848 5 

H 

269.0934 3.4668 0.01427 ↑ 

2,4-Imidazolidinedione, 5-(7-
oxabicyclo[4.1.0]-hepta-2,4-
dien-3-yl)-5-phenyl- 

268.0848 5 

2,3-Dihydroxycarbamazepine 268.0848 5 

Benzo[a]pyrene derivatives 268.0888 9 

Cysteinyl-phenylalanine 268.0882 7 

Phenylalanyl-cysteine 268.0882 7 

N-acetyl-tryptophan 246.1004 14 

Na methionyl-proline 246.1038 1 

prolyl-methionine 246.1038 1 

      389.2768 4.4307 0.02512 ↑ 

      416.2059 2.1272 0.02681 ↑ 

      158.9622 5.6077 0.02872 ↑ 

      574.2965 2.1147 0.02902 ↑ 

idebenone metabolite (QS-4) 268.0947 10 
H 

269.1048 3.6993 0.03387 ↑ diethyl 2,6-dimethyl-4-oxo-
4h-pyran-3,5-dicarboxylate 268.0947 10 

3,3'-diindolylmethane 246.1157 0 Na 
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Unoprostone isopropyl ester 424.3189 8 H 

425.3225 0.2154 0.03620 ↓ 

4,4'-Diaponeurosporene 402.3287 10 

Na 

fluorovitamin D3 / 
fluorocholecalciferol 
derivatives 

402.3298 8 

25-Fluorovitamin D3 402.3298 8 

Thiocholesterol 402.3298 8 

Phosphatidylcholine 677.4996 12 
H 678.4983 0.3988 0.03687 ↓ 

Phosphatidylethanolamine 677.4995 12 

      544.3291 3.9614 0.04001 ↑ 

      608.3555 0.1292 0.04109 ↓ 

      598.4739 0.2565 0.04653 ↓ 

      291.2023 5.8616 0.04775 ↑ 

      716.9248 2.4243 0.04794 ↑ 

      782.4581 8.2303 0.04807 ↑ 

Phosphatidylcholine 523.4002 6 
Na 546.3927 0.2842 0.04888 ↓ 

2-o-methyl PAF C18 523.4002 6 

 
 

A number of mechanosensitive metabolite features overlapped between PLS-DA, 

correlation coefficient analysis, and volcano plot analysis. A select few overlapping 

features included phosphatidylserines, phosphatidylcholines, and vitamin D3 derivatives, 

which were identified by all three analyses. Thiocholesterol and a variety of fatty acids 

(i.e. octadecatrienoic acid derivatives) were identified by PLS-DA and volcano plot 

analysis. Taken together, these results suggest that phospholipids, vitamin D derivatives, 

and fatty acids are the most prominent mechanosensitive metabolites in the joint in 

response to acute exercise.  

 
Mechanosensitive pathways 
 

To generate a metabolic phenotype in SF following acute exercise, the 

computational algorithm, mummichog, was employed to predict functional pathway 

activity from the detected metabolite features. Pathway analysis of metabolite features 
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with higher intensities (FC>1) after acute exercise mapped to 33 significant pathways 

(FDR-corrected p-value<0.05) including ubiquinol (antioxidant) biosynthesis, tRNA 

charging, amino acid biosynthesis (arginine, proline, leucine, and tyrosine), citrulline and 

nitric oxide metabolism, the urea cycle, creatine biosynthesis, catecholamine 

biosynthesis, and fatty acid biosynthesis. Metabolite features with lower intensities 

following exercise (FC<1) mapped to 5 significant pathways (FDR-corrected p-

value<0.05) including 3-oxoadipate degradation, biosynthesis of prostaglandins 

(inflammatory mediator), bile acid biosynthesis, 2-methylbutyrate biosynthesis, 

isoleucine degradation, and ketone oxidation (Fig. 5.5, Supplemental Tables 5.1-5.2). 

These altered pathways generated the metabolic phenotype of acute exercise in the SF.  
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Figure 5.5. Acute exercise alters metabolic pathways in mouse synovial fluid. Enrichment 
analysis of metabolite features upregulated (right side) or downregulated (left side) 
following acute exercise identified significantly different biochemical pathways (FDR-
corrected p-value<0.05). Blue bars represent all metabolite features detected in the 
dataset. Red bars represent metabolite features that were upregulated or downregulated 
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corresponding to the directionality of the pathway (i.e. Leucine catabolism: a total of 9 
metabolites in this pathway were detected but only 6 had a fold change less than one 
corresponding to the directionality of this pathway—downregulated)). Supplemental 
Tables 5.1 and 5.2 show the full lists of perturbed pathways. 
 
 

Discussion 
 
 

To our knowledge, this is the first study to date that investigates the global 

metabolomic changes following acute exercise in mice. We measured changes in joint 

metabolism following acute exercise using global metabolomic profiling of SF from mice 

subject to one bout of wheel running. We detected a total of 2812 metabolite features in 

mouse SF. Multiple analyses (i.e. KS test, PLS-DA, and HCA) showed distinct 

metabolomic profiles between exercised and control SF samples, demonstrating that SF is 

mechanosensitive and changes in joint metabolism occur immediately following acute 

exercise. Mechanosensitive metabolites were identified using VIP scores from PLS-DA, 

correlation coefficient analysis, and volcano plot analysis. Mechanosensitive metabolites 

included coenzyme A derivatives, prostaglandin derivatives, phospholipid species, 

tryptophan, methionine, vitamin D3, fatty acids, and thiocholesterol. Enrichment analysis 

identified a number of pathways previously linked to exercise including amino acid 

metabolism, inflammatory pathways, the citrulline-nitric oxide cycle, catecholamine 

biosynthesis, ubiquinol biosynthesis, and phospholipid metabolism.  

Global metabolomic profiling detects small-molecules including substrates, co-

factors, and cytosolic molecules to generate an unbiased, high-dimensional phenotype of 

a system. Sampling SF describes this comprehensive whole-joint phenotype, as it is a 

biochemical pool of molecules from multiple cell types  across the joint (e.g. 
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chondrocytes, synoviocytes, etc.)[6]. These measurements can be used to provide a 

biochemical profile describing how the overall joint responds to acute exercise. This is 

beneficial in understanding not only how acute exercise promotes healthy joint 

metabolism but also how acute exercise may be employed as an intervention for OA 

joints to alleviate OA symptoms.  

The results herein identified a number of candidate mediators of 

mechanotransduction in mouse SF. These mechanosensitive metabolites represent 

specific differences between the metabolomic profiles of exercised and unexercised 

joints. Furthermore, these candidate mediators of mechanotransduction led to the 

prediction of mechanosensitive pathways to produce an overall SF metabolic phenotype 

of acute exercise. This metabolic phenotype provides insight into SF 

mechanotransduction and provides a reference for future studies to compare the effects of 

acute exercise in diseased joints to further our understanding of exercise as a therapeutic 

intervention for OA.  

The metabolic phenotype generated in this study sheds light on the effects of 

acute exercise and its contribution to maintaining overall joint health. Acute exercise 

upregulated amino acid metabolism (arginine, proline, leucine, and tyrosine) in mouse 

SF. The SF is in direct contact with the articular cartilage—a known mechanosensitive 

tissue that relies on mechanical stimuli to maintain a healthy matrix[1, 2]. The articular 

cartilage is an avascular tissue that partially relies on the SF for nutrient supply for the 

chondrocytes. Previous studies have found increased amino acid metabolism in primary 

chondrocytes in response to short-duration mechanical stimuli[29-31]. The results herein 
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suggest that the SF may also supply amino acids to the chondrocytes in response to 

mechanical stimuli to maintain the extracellular matrix maintenance.  

Acute exercise stimulated inflammatory and anti-inflammatory pathways in 

mouse SF. Prostaglandin biosynthesis was downregulated in mouse SF, and a 

prostaglandin derivative was identified as a significantly depleted mechanosensitive 

metabolite. Given prostaglandins’ role in generating an inflammatory response, the 

observed decreased intensities of prostaglandin biosynthesis metabolites suggest the anti-

inflammatory effects of acute exercise. Other inflammation-related pathways altered with 

acute exercise included the citrulline-nitric oxide cycle and catecholamine biosynthesis. 

Nitric oxide is known to play an anti-inflammatory role under physiologically normal 

conditions, and catecholamines have been shown to both elicit and attenuate 

inflammatory responses during exercise[32, 33]. These results suggest that that acute 

exercise may stimulate inflammatory and immunosuppressive effects, consistent with 

previous findings[32, 34]. The last decade of OA research has shown that the disease 

involves several biological processes beyond mechanical wear, as shown by 

inflammation in the synovium, articular cartilage, and SF[35, 36]. Inflammation is also 

associated with OA risk factors including joint trauma, age, and obesity[37]. This may 

partially explain the importance of exercise in managing inflammation-associated OA 

pain and damage in the joint.  

Ubiquinol, an endogenous antioxidant, was significantly upregulated after acute 

exercise. Recent evidence suggests that oxidative stress in the joint damages the 

surrounding tissue and can lead to increased OA severity[38, 39]. Regulation of oxidative 
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stress in chondrocytes has been of particular interest for therapeutic targets to slow OA 

progression[39]. Further studies are needed using an OA mouse model to determine if 

acute exercise upregulates antioxidants, such as ubiquinol, to prevent oxidative stress-

associated damage to the joint. This may provide a mechanistic explanation for the use of 

exercise as a therapeutic intervention to manage OA.  

Acute exercise significantly altered a variety of phospholipid species. PC, PS, and 

PA were identified as mechanosensitive metabolites, and fatty acid biosynthesis was 

significantly upregulated after acute exercise. The mechanical function of SF is to 

lubricate articular cartilage surfaces. The major components of SF that contribute to its 

boundary lubrication function include lubricin, hyaluronan, and membrane 

phospholipids[40]. Previous studies have shown that an altered composition and 

concentration of lubricating agents in the SF are associated with damaged articular 

cartilage surfaces in both OA and RA[41]. Specifically, the composition of phospholipid 

species and their concentrations are altered in OA SF[42, 43]. Exercise may play a role in 

maintaining the composition and concentration of SF phospholipids to support the SF’s 

function as a boundary lubricant.  

While this study illustrates important metabolic responses to acute exercise, some 

limitations apply. Global metabolomic profiling by LC-MS is beneficial for generating an 

unbiased picture of the physiological state of a biological system, but it cannot identify 

all metabolite features due to the lack of comprehensive metabolite databases and 

standards libraries. Future studies will employ additional targeted metabolomics methods 

to confirm putative identities of metabolites in pathways of interest. A second limitation 
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to this study is the use of mice. The mouse metabolome is distinct from the human 

metabolome, and thus metabolic responses following acute exercise may vary in humans. 

However, SF collection (arthrocentesis) in humans is beyond most current clinical 

standards of care and thus difficult to obtain at present. A final limitation is that we did 

not investigate the effects of acute exercise in OA joints. Because OA is known to alter 

joint metabolism, exercise may elicit different metabolic responses in diseased joints[35].  

Despite these limitations, this study holds important findings for joint 

mechanobiology. Global metabolomic profiling is capable of discriminating between 

acute exercised and control SF and identifying potential mechanosensitive metabolites 

and pathways. The results of this study provide a number of avenues to further explore 

the beneficial effects of acute exercise on joint metabolism. Specifically, this study 

suggests that exercise has both inflammatory and anti-inflammatory consequences. The 

findings herein also suggest that exercise may maintain joint homeostasis by promoting 

amino acid metabolism for protein synthesis and increasing the production of 

antioxidants to prevent oxidative-stress associated damage to the joint. Furthermore, this 

study provides a metabolic phenotype for comparison for future studies that investigate 

the impact of acute exercise in an OA joint. Future studies will investigate the effects of 

acute exercise in an OA mouse model to determine how exercise affects diseased joint 

metabolism. Expansion of these results will provide a greater understanding of joint 

mechanobiology and its implications for therapeutic interventions for OA.  
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THE EFFECT OF LONG-TERM VOLUNTARY EXERCISE ON THE 
METABOLOMIC PROFILES OF SYNOVIAL FLUID FROM  

HIGH-FAT DIET-INDUCED OBESE MICE 
 
 

Abstract 
 
 
Objective 

 
Obesity is a major risk factor for the development of osteoarthritis (OA), and 

exercise is a nonpharmacologic intervention prescribed to promote weight loss and 

alleviate OA symptoms. The objective of this study was to clarify the interaction between 

obesity and long-term physical activity on OA risk by examining the effect of exercise on 

knee OA and metabolomic profiles of synovial fluid. 

  
Methods 
 
 Mice were fed either a control fat or high-fat diet (to induce obesity-associated 

OA) and a subset of each diet cohort was given access to a running wheel for 26 weeks. 

We characterized the effects of a high-fat diet and long-term exercise on knee OA 

pathology and global changes in the synovial fluid metabolome by histomorphology and 

global metabolomic profiling, respectively.  

 
Results 
 
 A high-fat diet induced knee OA pathology marked by greater cartilage 

degradation. Long-term voluntary wheel running did not increase or reduce OA severity 

in mice fed a high-fat diet. Metabolomic profiling revealed that long-term exercise in 

mice fed a high-fat diet had metabolomic profiles most similar to that of unexercised 
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control fat diet-fed mice. Furthermore, a high-fat diet induced altered metabolic 

phenotypes and mechanotransduction in synovial fluid. 

 
Conclusions 
 
 Obesity-associated OA generated a distinct metabolic phenotype and induced 

altered mechanotransduction in synovial fluid. Long-term exercise was not capable of 

reducing OA severity, but it did restore the metabolomic profiles to be most similar to 

sedentary, non-OA controls. These results suggest that physical activity is not protective 

nor damaging in obesity-associated knee OA but may be capable of reversing some of the 

obesity-induced metabolic perturbations in the joint.  

 
 

Introduction 
 
 

Osteoarthritis (OA) affects over 250 million people worldwide, is the leading 

cause of workplace disability, and costs over $80 billion per year to the US economy[1]. 

OA is a disease of the whole joint, affecting the articular cartilage, synovial membrane, 

synovial fluid (SF), and surrounding bone[2]. Risk factors for OA include obesity, age, 

joint trauma, and physical activity, yet the disease pathogenesis remains unclear[3]. OA 

is diagnosed when patients report joint pain and/or stiffness. Initial treatment includes 

non-pharmacologic and pharmacologic interventions such as non-steroidal anti-

inflammatory drugs (NSAIDs) and low-impact exercise regimes. If patients do not 

respond to non-surgical interventions, joint replacements are the most common option for 

end-stage disease.  
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Exercise is a mechanobiology-based intervention prescribed to manage OA, 

improve range of motion, and exert protective effects on the joints[4-6]. Both in vitro and 

in vivo experiments have demonstrated that a variety of physiological joint loading 

conditions have protective effects by promoting anti-inflammatory and anti-catabolic 

processes[7]. In vitro, mechanical stimulation of chondrocytes is capable of antagonizing 

proinflammatory molecules IL-1b, TNFa, nitric oxide, prostaglandin, and 

cyclooxygenase by producing anti-inflammatory molecules[8-11]. In vivo, physical 

activity inhibits increases in proteolytic enzymes, prevents proteoglycan loss, decreases 

joint inflammation, and maintains cartilage integrity[8, 12-14].  

Physical activity is of particular interest to address OA risk factors aging and 

obesity. Both are linked to reduced physical activity[15-18]. Importantly, physical 

activity reduces aging-related oxidative stress and chronic inflammation[19, 20]. One 

study in mice found that moderate exercise starting at 28 weeks of age reduced oxidative 

stress by preventing a reduction in antioxidant enzyme activities and halting a decrease in 

cytochrome oxidase activity[19]. A number of observational studies, randomized clinical 

trials, and longitudinal studies in humans have demonstrated the beneficial effects of 

regular exercise to reduce systemic inflammation in aged individuals[20]. It is well 

established that adipose tissue, particularly in obese individuals, contributes to systemic 

inflammation via the production of pro-inflammatory cytokines[21]. Physical activity is 

also the most promising prescribed intervention to promote weight loss to reduce the risk 

of OA as well as improve pain and function in obese individuals[22]. Despite the 

generalized reduction in physical activity associated with both aging and obesity, exercise 



 
 

209 

 

appears to have beneficial effects, such as reduced oxidative stress and systemic 

inflammation, even in the presence of these risk factors.  

A major concern for individuals with OA is that physical activity may be 

furthering joint damage, especially in obese individuals whose risk of OA is already 

heightened[23, 24]. Two studies in the 1990s reported that physical activity in obese 

individuals accelerated the development of OA[25, 26]. However, more recent studies did 

not find relationships between obesity, physical activity, and knee OA[15, 27, 28]. 

Messier et al. reported that 18 months of consistent diet and exercise interventions in 

obese and overweight individuals over 60 years of age significantly improved mobility, 

joint function, and pain, while joint space width remained unchanged[28]. Importantly, a 

recent study found that short-term exercise by moderate wheel running in an obese mouse 

model of OA reduced the severity of OA in the medial femur[29]. This decreased 

severity of OA occurred independent of weight loss or changes in adiposity. Short-term 

exercise was shown to alter levels of pro-inflammatory cytokines in serum, which 

suggests that exercise may protect against OA by reducing systemic inflammation[29]. 

While these studies are informative, the biological mechanisms underlying the 

beneficial effects of exercise in OA are not fully understood. A greater understanding of 

mechanotransduction in the joint may reveal the protective effects of exercise in OA 

joints and lead to the development of exercise regimes as a therapeutic intervention for 

OA. In this study, we sought to further our understanding of joint mechanotransduction in 

the context of OA risk factors age and obesity. Given that short-term exercise was 

capable of reducing OA severity in an obese mouse model in a previous study, we 
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investigated if long-term exercise could do the same in an aged obese mouse model. 

Therefore, we evaluated the effects of a high-fat (HF) diet and long-term voluntary wheel 

running on knee OA pathology and overall metabolic changes in the synovial fluid (SF) 

to gain insight into mechanotransduction and OA risk factors.  

Metabolic changes during obesity-associated OA pathogenesis and in response to 

exercise were measured from the SF. OA is a disease of the whole joint, and the SF will 

reflect local, relevant changes because it contains a pool of metabolites from various cell 

types present in the joint cavity. The SF is also a mechanosensitive fluid[30, 31]. 

Previous studies show that mechanical stimuli resulted in increased IL-10 concentrations 

and hyaluronan secretion when compared to non-exercised or static controls[30, 31]. 

Thus, we hypothesized that changes in the SF metabolome would lead to the 

identification of mechanosensitive metabolic pathways that may explain the potentially 

protective effects of exercise.  

Because OA, aging, and obesity are known to induce aberrant metabolism, we 

chose to analyze the mechanotransduction occurring in SF using global metabolomic 

profiling. Metabolomics quantifies large numbers of small molecules, generating a 

metabolic phenotype of a biological system. The global metabolomic profile of the SF 

will produce a whole-joint view of metabolic changes induced by changes in diet and 

physical activity to generate metabolic phenotypes of obesity-associated OA and SF 

mechanotransduction.  
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Methods 
 
 
Animal Model  
 

Forty-three 20-24 wk-old male C57BL/6J mice were purchased from the JAX 

Diet-Induced Obesity Models service (Jackson Laboratories). A very high-fat (HF) or 

control fat (CF) diet was started at 6 weeks of age (CF: Purina Rodent Chow 5001, 13.5% 

kcal fat; HF: D12492; Research Diets, New Brunswick, NJ; 60% kcal fat) (Fig. 6.1). 

Mice were randomly assigned to the HF or CF cohorts. Previous studies showed that a 

high-fat diet (45% kcal from fat) and a very high-fat diet (60% kcal from fat) increased 

knee OA proportional to body fat gain[29, 32]. This higher level of fat is common in low-

carbohydrate diets in humans[33]. Mice were housed (£ 5 animals/cage) in a 

temperature-controlled room with a 12hr:12hr ON:OFF light cycle and ad libitum access 

to food and water. At 26 weeks of age, animals were single-housed (13x13x30 cm) and 

assigned to either control or voluntary running wheel (11cm diameter, Fig. 6.1) groups. 

The selection process for which animals were given wheels was based on weight-

matching the sedentary vs. exercise animals with their respective diet cohort. Cumulative 

daily running distance[34] and peak reaction limb force[35] were calculated as previously 

described. Body composition measurements—body mass and body fat content—were 

measured just prior to euthanasia using a dual-energy X-ray absorptiometry system 

(Piximus II; GE Lunar)[36]. All animal experiments were approved by the Institutional 

Animal Care and Use Committee at the Oklahoma Medical Research Foundation.  
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Figure 6.1. Experimental Design. Beginning at 6 wk of age, mice were fed either a CF 
(10% kcal from fat) or HF (60% kcal from fat) diet. At 26 wk of age, a subset of mice 
from each cohort was given access to a running wheel for the remainder of the study. At 
52 wk of age, mice were euthanized and whole joints and SF were collected for further 
analysis. (B) HF sedentary vs. CF sedentary and HF exercised vs. CF exercised cohorts 
were compared to determine the effects of a very HF diet for insight into obesity-
associated OA. HF exercised vs. HF sedentary and CF exercised vs. CF sedentary cohort 
comparisons were made to evaluate the effects of long-term exercise for insight into 
mechanotransduction in normal and diseased joints.  
 
 
Histological Analysis 
 

Knee joints were evaluated for OA by histological analysis as previously 

described[32]. Intact knees joints were decalcified, dehydrated, and embedded in paraffin 

for sectioning. Sagittal sections 6 microns thick were collected from the medial and 

lateral compartments and stained with hematoxylin, fast green, and Safranin-O. Stained 

sections were evaluated for OA using the modified Mankin scoring system by three 

blinded graders and averaged.  
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Synovial Fluid Metabolomics  
 

SF was collected immediately following euthanasia using the calcium sodium 

alginate compound (CSAC) method as previously described[37]. Briefly, joints were 

accessed with an anterior incision, and the patellar tendon was retracted. A small, 3 

millimeter circular Melgisorb wound dressing (Tendra, REF 250600; Goteborg, Sweden) 

was pressed inside the joint cavity to absorb the SF. The wound dressing was then 

submerged in 35 microliters of Alginate Lyase in H2O (1 unit/mL derived from 

Flavobacterium, Sigma-Aldrich A1603-100MG) and vortexed followed by a 30 min 

digestion at 34°C. 15 microliters of 1.0M sodium citrate (C6H5Na3O7) were added prior 

to freezing at -80°C until metabolomic analysis.  

Proteins were precipitated from mouse SF with acetone, and metabolites were 

extracted using 50:50 water:acetonitrile following previously established protocols[38, 

39]. An Agilent 1290 UPLC system connected to an Agilent 6538 Q-TOF mass 

spectrometer (Agilent Santa Clara, CA) were used to analyze metabolite extracts in 

positive mode. Metabolites were separated on a Cogent Diamond Hydride HILIC 150 x 

2.1 mm column (MicroSolv, Eatontown, NJ) in normal phase using optimized elution 

methods previously reported[38].  

LC-MS data were converted from Agilent’s proprietary files to mzXML files 

using ProteoWizard’s MSConvert program. The spectra were then processed using 

MZMine 2.14 for peak detection, noise threshold (1000), retention time and mass-to-

charge (m/z) ratio normalization, and alignment of peaks[40]. Output data contained all 
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detected m/z values and their corresponding relative abundance. M/z values are referred 

to in this study as metabolite features.   

 
Statistics  
 

Metabolite features with median intensity values of zero across all experimental 

groups were removed from the analysis. Remaining censored intensity values that were 

below the detection limit were replaced with one-half the minimum intensity value 

identified in the dataset[41]. Statistical analyses were completed in MATLAB 

(Mathworks, Inc.) and MetaboAnalyst[41]. Data processing included normalizing by the 

median, log transformation to help correct for non-normal distributions in some 

metabolites, and standardization (mean-centered divided by standard deviation). 

The Kolmogorov-Smirnov (KS) test was used to determine if the experimental 

groups came from distinct populations (pks<0.05), and mirrored metabolomic 

distributions were used to visualize potentially distinct metabolomic profiles. 

Hierarchical cluster analysis (HCA) and partial least squares-discriminant analysis (PLS-

DA) were used to visualize separation between cohorts. HCA was used as an 

unsupervised clustering method to illustrate natural clustering of mice into groups based 

on metabolomic profiles. HCA can be visualized with a heatmap to create a clustergram. 

Clustergrams of median metabolite intensities for each cohort visualized the global 

metabolomic profiles. PLS-DA was used as a supervised clustering method to reveal the 

underlying source of variation between cohorts. Projections of metabolite features upon 

their components were plotted against one another to visualize variation between cohorts. 

95% confidence ellipses on PLS-DA plots illustrate successful classification of samples 



 
 

215 

 

into respective cohorts. Metabolite features with the greatest variable of importance 

projection (VIP) scores for the first two components were considered important 

discriminative (HF diet vs. CF diet) or mechanosensitive (exercised vs. sedentary) 

metabolite features.  

Differences between cohorts were determined by fold-change analysis (employed 

prior to normalization), FDR-corrected Student’s t-test, and two-factor analysis of 

variance (ANOVA). Volcano plot analysis visualized metabolite features by p-value and 

fold change and revealed features differentially expressed between groups with p-values 

less than 0.05 (prior to FDR correction) and greater than twofold change.  

Metabolite features were matched to metabolite identities using the metabolite 

databases, METLIN and Mummichog[42, 43]. Implicated pathways were determined 

using MS Peaks to Pathways in MetaboAnalyst utilizing mummichog[41, 43]. 

Mummichog is a pathway enrichment tool that predicts functional activity based on 

detected metabolite features. Relevant pathways were identified by a priori significance 

level of α = 0.05. Pathways upregulated or downregulated with diet and/or exercise were 

determined based on metabolite features that existed in higher or lower relative 

abundance.   

Candidate biomarkers of obesity-associated OA were determined by univariate 

receiver-operator-characteristic (ROC) analysis. Metabolite features capable of 

distinguishing between sedentary CF and HF diet cohorts with an area under the receiver 

operating curve (AUC) greater than 0.7 were considered candidate biomarkers of obesity-

associated OA.   
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Results 
 
 
HF-Diet Fed Mice Exercised Less but had Greater Peak Limb Force 
 

Daily running distance and duration were measured using VitalView (Mini-

Mitter) and peak limb force was measured using a force-instrumented running wheel. 

HF-diet mice were 37% less active on the wheels and had 33% greater limb forces while 

running compared with mice fed a CF diet (Fig. 6.2A-C). Body composition was 

measured as body mass and percent fat using DEXA. HF-diet mice (both sedentary and 

exercised) had greater body mass and percent body fat compared to CF diet mice, and 

these measures were not significantly affected by exercise (Fig. 6.2D-E). Exercise in CF 

diet mice, however, did significantly reduce body composition (6.2D-E). Thus, a HF diet 

induced obesity and led to reduced physical activity with greater peak limb force. 
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Figure 6.2. Voluntary running was reduced in obese mice and did not alter their body 
composition. (A) Daily running distance (m) and (B) duration (min) were measured for 
CF and HF exercised and mice. Significant differences (p-value<0.05) are reported as 
compact letter display (i.e. A A = not significant; A B = significant). CF diet fed mice ran 
a significantly greater distance and ran for a significantly greater amount of time. (E) 
Peak reaction limb force (N) was measured for exercised mice (HF and CF diet cohorts). 
HF diet mice ran with 33% greater limb force. (D) Body mass (g) and (E) percent body 
fat were measured to evaluate overall body composition. HF diet mice did have 
significantly greater body mass and percent body fat compared to CF diet mice. 
However, exercise did not significantly reduce body composition in HF diet fed mice but 
did significantly reduce body composition in CF diet mice.  
 
 
Exercise Did Not Alter OA Outcomes in Aged Obese Mice 
 

Knee OA severity was assessed by histological grading via a modified Mankin 

scoring system and histomorphometry (tissue changes) for osteophyte and synovial 

pathology (Fig. 6.3). A HF diet showed a trend toward increased cartilage degradation 

scores in both sedentary and exercised mice, consistent with obesity-associated OA 

pathology. However, a HF diet did not induce significant osteophyte formation or 

synovial inflammation. Exercise demonstrated a trend toward reducing osteophyte 

formation in both CF and HF-diet mice but did not alter synovial thickening/proliferation. 
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Taken together, these results demonstrate that a HF diet is capable of inducing knee OA, 

and that increased joint loading with voluntary exercise did not alter the progression of 

knee OA, independent of diet. 

 
 

 
Figure 6.3. Exercise did not alter OA outcomes in aged obese mice. (A) Representative 
histology sections of CF sedentary, CF exercised, HF sedentary, and HF exercised knee 
joints. (B) Knee OA outcomes were scored using the modified Mankin OA scoring 
system. HF diet mice had a significantly greater OA score than CF mice (p-value>0.05). 
Exercise, however, did not significantly reduce the overall severity of knee OA. (C) 
Synovial inflammation and (D) osteophyte scores were evaluated by three blinded 
histopathology graders. No significant differences were observed between CF and HF 
cohorts and/or exercised and sedentary cohorts. Exercise did slightly reduce osteophyte 
scores, although this difference was not significant (p-value>0.05).   
 
 
Effect of Diet and Physical Activity on Metabolomic Profiles in Aged Mice 
 

Global metabolomic profiling of SF was employed to investigate the metabolic 

response to HF-diet-induced obesity and long-term exercise. A total of 1412 features 

were detected in SF from aged mice, and global metabolomic profiles of all detected 
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features and cohorts were visualized in clustergrams (Fig. 6.4). HCA of median 

metabolite profiles shows that HF-diet exercised mice had metabolomic profiles most 

similar to CF-diet sedentary mice. In contrast, sedentary mice fed a HF diet had the most 

distinct metabolomic profile (Fig 6.4). Thus, long-term exercise was capable of reversing 

some of the HF-diet induced metabolic perturbations.  
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Figure 6.4. Synovial fluid from sedentary obese mice had the most distinct metabolomic 
profile. Clustergram visualization of distinct global metabolomic profiles from mouse SF. 
Median intensities for all 1749 detected metabolite features were calculated for each 
cohort, analyzed by HCA, and visualized in a heatmap. HCA revealed that the most 
similar SF metabolomic profiles are from CF diet sedentary and HF diet exercised mice. 
HF diet sedentary mice had the most distinct metabolomic profile.  
 
 
A HF Diet Induced a Distinct Metabolic Phenotype 
 

Mice fed a HF diet had a distinct SF metabolomic profile compared to CF diet 

mice (Fig. 6.5A-F). The effect of diet was investigated in both activity groups (i.e. HF 

sed vs. CF sed; HF ex vs. CF ex). In sedentary mice, HF vs. CF diets induced distinct 
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metabolomic profiles, supported by KS-test and PLS-DA (Fig. 6.5A-B). KS-test 

evaluated if the overall metabolomic profiles were significantly different between diet 

cohorts. KS-test returned a p-value less than 0.05, indicating that diet was capable of 

significantly perturbing the metabolome in SF (Fig. 6.5A). PLS-DA is a supervised 

clustering method employed to visualize variation between cohorts. The PLS-DA plot 

illustrates some evidence of separation between sedentary HF and CF diet cohorts, with 

PC1 and PC2 accounting for 34.9% of the variation between cohorts (Fig. 6.5B). The 

variation between sedentary HF- and CF-diet cohorts arose from specific metabolite 

features that the highest VIP scores, indicating that they had the greatest capabilities for 

discriminating between cohorts (Supplemental Table 6.5). These included sphingosine-1-

phosphate, ubiquinol, and nicotinamide (Supplemental Table 6.5). Additional evidence 

for specific differences between HF and CF diets in sedentary mice was assessed by 

volcano plot analysis. 15 detected metabolite features were lower with a HF diet in 

sedentary mice, returning a p-value<0.1 and greater than twofold change (Fig. 6.5C; 

Supplemental Table 6.1). However, no downregulated metabolite features were detected 

between HF-diet sedentary compared to CF-diet sedentary mice by volcano plot analysis 

that met the p-value and fold change threshold (Fig. 6.5C; Supplemental Table 6.1). 

Taken together, these results suggest that a HF diet in sedentary mice induces a distinct 

metabolomic profile in SF.  
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Figure 6.5. Metabolic phenotype of obesity associated OA. (A-C) HF sedentary vs. CF 
sedentary. (D-F) HF exercised vs. CF exercised. (A and C) Mirrored metabolite 
distributions from HF (top; black) and CF (bottom; gray) mice. KS-test returned a pks to 
determine if the metabolomics distributions are distinct from one another. (B and D) 
PLS-DA plot of the top two PCs to visualize variation between metabolomic profiles of 
HF and CF cohorts. 95% confidence ellipses illustrate correct classification of samples 
into respective cohorts. (C and F) Volcano plot of differentially expressed metabolite 
features between HF and CF cohorts. The log2(HF/CF) was plotted against the –
log10(Student’s t-test p-value) to illustrate both significance and magnitude of change. 
Vertical dashed lines indicate the twofold change and horizontal lines indicate a p-value 
less than 0.1. Metabolite features highlighted in pink in the upper right and left quadrants 
had a p-value less than 0.1 and greater than twofold change.  
 
 

To identify HF-diet induced pathways perturbations in SF, detected metabolite 

features were mapped to enriched biochemical pathways. Metabolite features with a 

higher relative abundance in sedentary HF diet mice mapped to 14 significantly 

upregulated pathways including ubiquinol-8 (antioxidant) biosynthesis, degradation of 

isoleucine, tryptophan, leucine, and valine, ketogenesis, and the TCA cycle (Table 6.1; 

Supplemental Table 6.2). Metabolite features with lower intensities in sedentary HF-diet 
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fed mice mapped to six significantly downregulated pathways including methionine 

salvage, deoxyribose phosphate degradation, 5-aminoimidazole ribonucleotides 

biosynthesis, and arsenate detoxification (Table 6.1; Supplemental Table 6.2). Given that 

HF-diet mice exhibited histopathology consistent with OA, these pathways represent the 

metabolic phenotype of obesity-associated OA. In particular, the metabolic phenotype of 

obesity-associated OA included pathways reminiscent of the HF diet they were fed, 

including ketogenesis, leucine metabolism, and the TCA cycle. 

 
 
Table 6.1. Metabolic phenotypes of obesity-associated OA. Enrichment analysis of 
metabolite features higher or lower in SF from mice fed a HF diet in comparison to CF 
diet (FC: HF diet/CF diet) were mapped to relevant upregulated or downregulated 
pathways (FDR-corrected p-value<0.05).  

  HF sedentary vs. CF sedentary HF exercised vs. CF exercised  

Pathway Detected 
features 

Sig 
features Direction Adj. p-value Detected 

features 
Sig 

features Direction Adj. p-value 

(deoxy)ribose phosphate 
degradation 2 2 ↓ 0.0348 2 2 ↑ 0.03535 

S-adenosyl-L-methionine 
cycle II 

     4 4 ↑ 0.005765 

3-oxoadipate degradation      4 3 ↑ 0.03109 

4-aminobutyrate 
degradation I 

     4 3 ↑ 0.03109 

5-aminoimidazole 
ribonucleotide 
biosynthesis II 

3 2 ↓ 0.04707     

acetoacetate degradation 
(to acetyl CoA) 

     2 2 ↑ 0.03535 

adenine and adenosine 
salvage III 

     2 2 ↑ 0.03535 

arginine biosynthesis IV      4 3 ↑ 0.03109 
arsenate detoxification I 
(glutaredoxin) 3 2 ↓ 0.04707 3 3 ↑ 0.01253 

biosynthesis of serotonin 
and melatonin 

     2 2 ↑ 0.03535 

biotin-carboxyl carrier 
protein assembly 

     2 2 ↓ 0.01873 

CMP-N-
acetylneuraminate 
biosynthesis I 

3 3 ↑ 0.02572 3 3 ↑ 0.01253 

cyclic AMP biosynthesis      2 2 ↑ 0.03535 

cysteine biosynthesis II      2 2 ↑ 0.03535 
dolichyl-
diphosphooligosaccharide 
biosynthesis 

     2 2 ↑ 0.03535 

epoxysqualene 
biosynthesis 

     2 2 ↑ 0.03535 
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GDP-mannose 
metabolism 

     2 2 ↑ 0.03535 

glutamate degradation      4 4 ↑ 0.005765 

isoleucine degradation 9 8 ↑ 0.005218 9 7 ↑ 0.005779 

ketogenesis 5 4 ↑ 0.03607 5 4 ↑ 0.01463 

L-carnitine biosynthesis      4 3 ↑ 0.03109 

leucine catabolism 6 5 ↑ 0.02085 6 5 ↑ 0.007662 

methionine metabolism 2 2 ↓ 0.0348 3 3 ↑ 0.01253 

methylmalonyl pathway 3 3 ↑ 0.02572     

mevalonate pathway I      5 4 ↑ 0.01463 

NAD biosynthesis from 2-
amino-3-
carboxymuconate 
semialdehyde 

3 3 ↑ 0.02572 3 2 ↓ 0.03462 

nonaprenyl diphosphate 
biosynthesis I 

     2 2 ↓ 0.01873 

purine and pyrimidine 
metabolism 

     5 5 ↑ 0.003268 

purine ribonucleosides 
degradation to ribose-1-
phosphate 

     3 3 ↑ 0.01253 

putrescine degradation III      3 2 ↓ 0.03462 

pyridine nucleotide 
cycling 3 3 ↑ 0.02572 3 2 ↓ 0.03462 

pyridoxal 5'-phosphate 
salvage pathway 

     2 2 ↑ 0.03535 

pyrimidine 
deoxyribonucleosides 
degradation 

     4 3 ↑ 0.03109 

salvage pathways of 
pyrimidine 
(deoxy)ribonucleotides 

3 2 ↓ 0.04707 3 3 ↑ 0.01253 

TCA cycle 7 5 ↑ 0.04698 9 7 ↑ 0.005779 

tetrahydrobiopterin 
biosynthesis I 

     4 3 ↑ 0.03109 

tetrapyrrole biosynthesis 
II 

     3 3 ↑ 0.01253 

tRNA splicing      2 2 ↑ 0.03535 

tryptophan degradation to 
2-amino-3-
carboxymuconate 
semialdehyde 

5 4 ↑ 0.036067     

ubiquinol biosynthesis 10 9 ↑ 0.003643 9 7 ↑ 0.005779 

UDP-N-acetyl-D-
galactosamine 
biosynthesis II 

     2 2 ↑ 0.03535 

UDP-N-acetyl-D-
glucosamine biosynthesis 
II 

     2 2 ↑ 0.03535 

valine degradation 7 6 ↑ 0.01253         

 
 

A HF-diet also altered the metabolomic profiles of exercised mice (HF ex vs. CF 

ex). Differences between HF diet exercised and CF diet exercised mice are representative 



 
 

225 

 

of distinct mechanosensitive responses. As opposed to sedentary HF and CF diet cohorts, 

the overall metabolomic profiles of exercised HF and CF diet cohorts were not 

significantly different from one another (KS-test p-value>0.05; Fig. 6.5D). This indicates 

that long-term exercise in obese mice has some similar metabolic effects as in CF diet 

aged mice. Despite similar metabolomic profiles by KS-test, PLS-DA was able to 

visualize some variation between HF and CF diet cohorts. The 95% confidence ellipses 

do correctly classify all samples with respective cohorts with less overlap than in the 

sedentary HF and CF (Fig. 6.5E). However, less variation is accounted for in PC1 and 

PC2 for the exercised comparison of HF and CF data, with the top two components 

accounting for 32.5% of the variation (Fig. 6.5E). The metabolites contributing the most 

to the variation between exercised HF and CF diet cohorts in PLS-DA included 

cholesterol and steroid derivatives (Supplemental Table 6.5). Differentially expressed 

metabolites determined by volcano plot analysis included 18 metabolite features higher 

and 8 lower with a p-value<0.1 and greater than twofold change in the HF diet exercised 

cohort, with similar mechanosensitive metabolite identity matches as PLS-DA VIP (Fig. 

6.5F; Supplemental Table 6.1). Although the metabolomic profiles were not significantly 

different from one another, a HF diet still induced some differences in SF from aged, 

exercised mice as shown by volcano plot analysis and PLS-DA VIP scores indicating that 

the metabolic response to exercise (mechanotransduction) is altered in obesity-associated 

OA.  

Distinct mechanosensitive pathways were identified in HF diets in comparison to 

CF diets (Table 6.1). Metabolite features with a higher relative abundance in HF-diet 
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exercised mice mapped to 44 upregulated pathways with an FDR-adjusted p-value less 

than 0.05 including purine and pyrimidine metabolism, TCA cycle, isoleucine, leucine, 

glutamate, methionine, and 4-aminobutyrate degradation, ketogenesis, arginine 

biosynthesis, L-carnitine (mitochondrial fatty acid transporter) biosynthesis, serotonin 

and melatonin biosynthesis (neurotransmitters), UDP-acetyl-D-glucosamine and 

galactosamine biosynthesis (glycosaminoglycan synthesis), and cyclic AMP biosynthesis, 

and tetrapyrrole (core compound in hemoglobin) biosynthesis (Table 6.1; Supplemental 

Table 6.2). Similar to the sedentary HF and CF cohorts, the metabolic phenotype of 

obesity-associated OA in exercised mice consists of pathways reminiscent of the HF-diet 

these mice were fed (TCA cycle, leucine metabolism, ketogenesis). Exercise in HF diet 

fed mice upregulated important pathways for glycosaminoglycan (GAG) synthesis—

UDP-acetyl-D-glucosamine and galactosamine biosynthesis. These pathways are 

important structural components in the articular cartilage, and these results suggest that 

long-term exercise may be promoting matrix synthesis in the joint. Metabolite features 

with a lower relative abundance in HF-diet exercised mice compared to CF-diet mice 

mapped to 6 downregulated pathways with an FDR-corrected p-value less than 0.05 

including ubiquinol-8 (antioxidant) biosynthesis, nonaprenyl diphosphate biosynthesis, 

biotin-carboxyl carrier protein assembly, NAD biosynthesis, and putrescine degradation 

(Table 6.1). Given NAD and ubiquinol’s functions in oxidative phosphorylation, this 

could suggest that perturbed mechanotransduction in aged obese mice includes altered 

central energy metabolism. These distinct pathways further suggest that HF diet-induced 

obesity alters mechanotransduction in the joint.  
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Physical Activity Perturbed Metabolic Phenotypes in Aged Mice 
 

Mice subject to long-term exercise had distinct SF metabolomic profiles from 

sedentary controls (Fig. 6.6A-F). Sedentary vs. exercised cohorts were compared from 

both diets (HF ex vs. HF sed; CF ex vs. CF sed) to elucidate the effects of long-term 

exercise in mouse SF. Exercise in CF diet mice did not have a significant impact on the 

overall SF metabolomic profile compared to sedentary CF diet mice (KS-test p-

value>0.05). However, PLS-DA did exhibit separation of CF exercised and sedentary 

cohorts with 35% of the variation associated with PC1 and PC2 (Fig. 6.6A-B). This 

indicates that exercise did induce some differences in the SF metabolome. The separation 

between CF exercised and CF sedentary cohorts by PLS-DA can be mostly attributed to 

mechanosensitive metabolite features with the highest VIP scores including nicotinamide, 

cholesterol, and steroid derivatives (Supplemental Table 6.5) Further evidence of specific 

differences in metabolomic profiles was determined by volcano plot analysis. 

Mechanosensitive metabolite features with a p-value less than 0.1 and greater than 

twofold change by volcano plot analysis included 12 higher with exercise and 25 lower 

with exercise in CF diet mice (Fig. 6.6C; Supplemental Table 6.1). Mechanosensitive 

metabolites identified by volcano plot analysis were similar to PLS-DA including 

nicotinamide and cholesterol and steroid derivatives, and revealed additional 

mechanosensitive metabolites including ornithine, and thiamine (Supplemental Table 

6.1). These results reveal the metabolic response to long-term exercise in aged, non-obese 

mice and specifically identify mechanosensitive metabolites in SF. 
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Figure 6.6. Long-term voluntary exercise altered the metabolomic profiles of SF from CF 
and HF-diet fed mice. (A-C) CF exercised vs. CF sedentary; (D-F) HF exercised vs. HF 
sedentary. (A and D) Mirrored metabolite distributions from exercised (top; black) and 
sedentary (bottom; gray) mice. KS-test returned a pks to determine if metabolomic 
distributions were distinct from one another. (B and E) PLS-DA of metabolomic profiles 
of cohorts plotted according to the top two PCs. 95% confidence ellipses illustrate correct 
classification of samples into respective groups. (C and F) Volcano plot of differentially 
expressed metabolite features between exercised and sedentary cohorts. The 
log2(exercised/sedentary) was plotted against the –log10(Student’s t-test p-value) to 
illustrate both significance and magnitude of change. Vertical dashed lines indicate the 
twofold change and horizontal lines indicate a p-value less than 0.1. Metabolite features 
highlighted in pink in the upper right and left quadrants were considered 
mechanosensitive metabolites with a p-value less than 0.1 and greater than twofold 
change.  

 
 
The functional response to long-term exercise was investigated in aged, non-

obese mice to provide insight into ‘normal’ mechanotransduction with aging. A number 

of mechanosensitive pathways were identified with an FDR-corrected p-value<0.05 by 

enrichment analysis in mice fed a CF diet. Metabolite features with a greater abundance 

in exercised than sedentary mouse SF mapped to 37 mechanosensitive pathways (Table 
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6.2). Pathways upregulated with exercise included tetrapyrrole biosynthesis (core 

compound in hemoglobin), tyrosine biosynthesis (precursor to catecholamines), 

ubiquinol-8 biosynthesis (antioxidant), and histamine (inflammatory mediator), nicotine, 

and phenylalanine degradation (Table 6.2). Pathways downregulated with exercise 

included ubiquinol-8 and -6 biosynthesis (antioxidants), acetoacetate (ketone) 

degradation, the TCA cycle, ketone oxidation, UDP-acetyl-D-glucosamine and 

galactosamine biosynthesis (GAG components), and GDP mannose metabolism (Table 

6.2). These data indicate that long-term exercise may increase synovial fluid turnover, 

catecholamine production, and inflammation, while decreasing ketone degradation, 

central energy metabolism, and GAG synthesis.  

 
 
Table 6.2. Mechanosensitive pathways. Enrichment analysis of metabolite features higher 
or lower in SF from long-term exercised mice in comparison to sedentary controls were 
mapped to relevant upregulated or downregulated pathways (FDR-corrected p-
value<0.05). 

  CF exercised vs. CF sedentary HF exercised vs. HF sedentary 

Pathway Detected 
features 

Sig 
features Direction P-value Detected 

features 
Sig 

features Direction P-value 

(deoxy)ribose phosphate 
degradation 

    2 2 ↑ 0.0268 

S-adenosyl-L-methionine 
cycle 

    4 3 ↑ 0.01936 

2-methylbutyrate 
biosynthesis II 4 3 ↓ 0.02801 4 3 ↓ 0.03884 

3-oxoadipate degradation 4 3 ↓ 0.02801 4 3 ↓ 0.03884 

4-aminobutyrate 
degradation I 

    4 3 ↑ 0.01936 

5-aminoimidazole 
ribonucleotide biosynthesis 

    3 2 ↑ 0.04511 

acetoacetate degradation (to 
acetyl CoA) 2 2 ↓ 0.03274     

adenosine nucleotides 
metabolism 2 2 ↓ 0.03274 3 2 ↑ 0.04511 

arsenate detoxification I 
(glutaredoxin) 3 3 ↓ 0.01123 3 2 ↑ 0.04511 

bile acid biosynthesis, 
neutral pathway 

    12 8 ↓ 0.01988 

biosynthesis of serotonin 
and melatonin 2 2 ↓ 0.03274 2 2 ↓ 0.0413 
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biotin-carboxyl carrier 
protein assembly 2 2 ↓ 0.03274 2 2 ↓ 0.04123 

CMP-N-acetylneuraminate 
biosynthesis I  3 3 ↓ 0.01123 3 3 ↓ 0.014989 

cyclic AMP biosynthesis 2 2 ↓ 0.03274     
cysteine biosynthesis 2 2 ↓ 0.03274 2 2 ↑ 0.0268 

dolichyl-
diphosphooligosaccharide 
biosynthesis 

2 2 ↓ 0.03274     

folate transformations II 
(plants) 

    6 3 ↑ 0.04393 

GDP-mannose metabolism 2 2 ↓ 0.03274     

glutamate degradation     4 3 ↑ 0.01936 

glutaryl-CoA degradation 4 3 ↓ 0.02801 4 3 ↓ 0.03884 

histamine degradation 5 3 ↑ 0.02704     

isoleucine degradation 9 7 ↓ 0.004889 9 7 ↓ 0.007809 

ketone oxidation 5 4 ↓ 0.01283     

L-carnitine biosynthesis     4 3 ↑ 0.01936 

leucine catabolism 6 4 ↓ 0.02726     

lysine degradation II 7 4 ↓ 0.04886     

methionine metabolism     2 2 ↑ 0.0268 

methylmalonyl pathway     3 3 ↓ 0.01499 

NAD biosynthesis from 2-
amino-3-carboxymuconate 
semialdehyde 

    3 3 ↓ 0.014989 

nicotine degradation III 6 3 ↑ 0.0417     
nonaprenyl diphosphate 
biosynthesis I 

    2 2 ↓ 0.0413 

phenylalanine degradation 3 2 ↑ 0.04165     

proline degradation II     2 2 ↓ 0.0413 

purine and pyrimidine 
metabolism 3 2 ↑ 0.04165 5 5 ↑ 0.005764 

pyridoxal 5'-phosphate 
salvage pathway 2 2 ↓ 0.03274     

salvage pathways of 
pyrimidine 
(deoxy)ribonucleotides 

2 2 ↓ 0.03274 3 3 ↑ 0.01168 

sphingosine and 
sphingosine-1-phosphate 
metabolism 

    4 3 ↓ 0.03884 

TCA cycle 9 6 ↓ 0.01585     
tetrahydrobiopterin 
biosynthesis I 4 3 ↓ 0.02801 4 3 ↓ 0.03884 

tetrapyrrole biosynthesis II 3 3 ↑ 0.008629 3 2 ↑ 0.04511 
thyroid hormone 
metabolism I (via 
deiodination) 

    2 2 ↓ 0.0413 

tRNA charging pathway     6 5 ↓ 0.009829 

tryptophan degradation     5 4 ↓ 0.01882 

tyrosine biosynthesis II 2 2 ↑ 0.02276     

ubiquinol biosynthesis 10 8 ↓ 0.003234 10 9 ↓ 0.0017804 

UDP-N-acetyl-D-
galactosamine biosynthesis 
II 

2 2 ↓ 0.03274 2 2 ↓ 0.0413 
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UDP-N-acetyl-D-
glucosamine biosynthesis II 2 2 ↓ 0.03274 2 2 ↓ 0.04123 

 
 

HF-diet-induced obesity altered SF mechanotransduction. Long-term exercise in 

HF diet fed mice significantly altered the overall metabolomic profiles in SF, as 

supported by a KS-test (p < 0.001, Fig. 6.6D). These distinct metabolomic profiles were 

visualized by PLS-DA, illustrating separation between exercised and sedentary cohorts of 

HF diet mice (PC1 and PC1 associated with 43% of the variation; Fig. 6.6E). The 

metabolites contributing the most to the variation between exercised and sedentary 

cohorts in PLS-DA were considered mechanosensitive metabolites including 

pyrophosphate, NAD, and dolichyl diphosphate (Supplemental Table 6.5). Differentially 

expressed metabolites identified by volcano plot analysis were also considered 

mechanosensitive metabolites. 11 metabolite features were higher with long-term 

exercise and 3 were lower with exercise (Fig. 6.6F; Supplemental Table 6.1). These 

mechanosensitive metabolites included 3-methoxytyramine, phenylalanine, 4,3-pyridyl-

butanoate, and a steroid derivative (Supplemental Table 6.1). KS-test, PLS-DA, and 

volcano plot analysis demonstrate that long-term exercise induces significant metabolic 

changes in the SF from aged, obese mice.  

We investigated the functional response to long-term exercise in HF-diet fed mice 

to provide insight into mechanotransduction in obesity-associated OA joints. 45 

mechanosensitive pathways were identified by an FDR-corrected p-value less than 0.05 

in aged obese mice (Table 6.2). 22 mechanosensitive pathways were upregulated with 

exercise in HF-diet fed mice including purine and pyrimidine metabolism, L-carnitine 

biosynthesis (mitochondrial fatty acid transporter), degradation of 4-aminobutyrate, 
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glutamate, deoxyribose phosphate, and methionine, cysteine biosynthesis, 5-

aminoimidazole ribonucleotides biosynthesis, and tetrapyrrole biosynthesis (Table. 6.2). 

23 mechanosensitive pathways were downregulated with exercise in HF-diet fed mice 

included ubiquinol-8 and -6 biosynthesis (antioxidants), isoleucine, tryptophan, glutaryl-

CoA, and proline degradation, sphingosine metabolism, serotonin and melatonin 

biosynthesis (neurotransmitters), and UDP-acetyl-D-glucosamine and galactosamine 

(GAG components) biosynthesis (Table 6.2). Many of the mechanosensitive pathways 

perturbed in HF diet cohorts are distinct from CF diet cohorts, indicating that HF-diet-

induced obese mice have an altered metabolic response to long-term exercise in SF.  

 
Candidate Biomarkers of Obesity-Associated OA 
 

Mice fed a HF diet developed histopathology consistent with OA. Thus, we 

employed univariate ROC curve analysis to calculate AUCs to determine the diagnostic 

value of each metabolite feature as a potential biomarker of obesity-associated OA. ROC 

curve analysis was applied to CF sedentary vs. HF sedentary cohorts to identify 

metabolite features that correctly classify SF from mice fed a HF diet. 19 metabolite 

features had an AUC>0.7 (Fig. 6.7; Table 6.3). These features matched with known 

metabolite identities including phosphatidylcholine, phosphatidylethanolamine, 

acetylpyrrolidine, 4-hydroxyphenylacetylglutamine, oleic and/or stearic acid, and 

galactosylceramide. Eleven features did not match to any known metabolite identities and 

further studies are needed to determine their identity or dictate them as novel metabolites. 

These data suggest that global metabolomic profiling is capable of identifying biomarkers 
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of obesity-associated OA in mouse SF, revealing specific metabolites with discriminatory 

capabilities between OA and non-OA cohorts.  

 
 

 
Figure 6.7. Candidate biomarkers of obesity-associated OA. ROC analysis identified 19 
metabolite features with an AUC>0.7 (AUC shaded in light blue). Metabolite features 
were matched to metabolite identities via METLIN (all potential identities shown in 
Table 6.3). ROC curves were created for select candidate biomarkers, plotting the false 
positive rate (specificity) against the true positive rate (sensitivity). A line with a slope of 
1 and AUC=0.5 would indicate that that feature has a random chance of correctly 
classifying between two groups. Select features with an AUC>0.7 are depicted in A-D, 
with their corresponding putative identities labeled above the plot: A) 
phosphatidylcholine, B) acetylpyrrolidine, C) oleic acid, and D) 4-
hydroxyphenylacetylglutamine. 
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Table 6.3. Candidate biomarkers of obesity-associated OA. Metabolite features with an 
AUC>0.7 were matched to metabolite identities (mass tolerance: 15 ppm; adducts: H+, 
Na+). The full list of metabolite identities is presented in Supplemental Table 6.2. 

Metabolite Identity  Mass PPM Adduct Feature AUC P-value Fold 
Change 

        527.0645934 0.755244755 0.041337342 0.01166 

Phosphatidylcholine 565.4107 9 
H 566.4233847 0.755244755 0.100102117 -0.2283 

Lysophosphatidylethanolamine 565.4107 9 

        661.4475952 0.748251748 0.103629313 0.3354 

        424.3330053 0.741258741 0.026745201 2.4711 

oxolucidine 483.3825 14 
H 484.395851 0.741258741 0.030256127 1.1185 

spirolucidine 483.3825 14 

        424.40448 0.741258741 0.060981818 0.7374 

        122.1184629 0.734265734 0.077515298 0.4138 

1-isothiocyanato-8-(methylthio)octane 217.0959 2 Na 240.0844946 0.734265734 0.020570001 1.2406 

        484.3811682 0.72027972 0.155691942 -2.3544 

Dimethyl-pyrroline-N-oxide 113.0841 1 

Na 136.0734506 0.713286713 0.109311184 0.3145 
2,5-Dihydro-2,4,5-trimethyloxazole 113.0841 1 

1-Piperidinecarboxaldehyde 113.0841 1 

N-acetylpyrrolidine 113.0841 1 

Stearic acid 287.2904 6 
H 288.2957193 0.713286713 0.240885799 -2.3093 

Oleic acid 287.2873 4 

        288.3075339 0.713286713 0.194829155 -2.2664 

        195.118573 0.706293706 0.141516895 -0.2905 

        414.313547 0.706293706 0.076014159 0.5826 

        482.3476415 0.706293706 0.185548489 -3.0197 

5-Hydroxypropafenone 357.194 4 H 358.2027306 0.706293706 0.128978812 0.2275 

albendazole sulfone 281.0834 14 
Na 304.0770389 0.706293706 0.024663995 1.0024 

4-Hydroxyphenylacetylglutamine 281.0899 6 

        657.5719282 0.706293706 0.08452966 0.3936 

Glycerophosphocholine 773.5723 0 
H 

774.5802222 0.706293706 0.050161084 0.7753 
Diacylglycerylcarboxyhydroxymethylcholine 773.5806 9 

Glucosylceramide 751.5962 6 
Na 

Galactosylceramide 751.5962 6 
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Discussion 
 
 
 The overall goal of this study was to clarify the relationship between obesity, 

long-term exercise, and aging. Mice were fed either a CF or HF diet and a subset of each 

cohort was given access to a running wheel for 28 weeks. Mice were euthanized at 52 

weeks of age and the SF and whole joints were harvested for global metabolomic 

profiling and histological analyses, respectively. Mice fed a HF-diet developed OA 

pathology, but long-term exercise was not capable of reducing the severity of OA. 

However, long-term exercise in obese mice was capable of restoring the metabolomic 

profile to be most similar to that of CF sedentary mice. The distinct metabolic responses 

to long-term exercise in HF and CF diet cohorts provided insight into SF 

mechanotransduction. The distinct mechanosensitive metabolites and pathways identified 

in HF and CF cohorts indicate that SF mechanotransduction is altered in obesity-

associated OA.  

 
Long-Term Exercise Did Not Reduce OA Severity 
 

A very HF diet significantly increased body mass, percent body fat, and overall 

knee OA in aged mice compared to controls. Obese mice ran significantly less but had 

greater peak limb force while running in comparison to sedentary controls. This is 

consistent with previous findings that obesity is associated with reduced physical 

activity[18]. Long-term exercise was not capable of reducing OA severity in mice fed 

either diet. Long-term exercise did, however, slightly reduce osteophyte formation in 

mice from both diet cohorts, suggesting that long-term exercise may have protective 
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effects independent of body composition in aged mice. The results herein suggest that 

exercise did not reduce or increase the progression of knee OA, consistent with 

population-based human studies[15, 27].  

This study further supports previous findings that exercise has age-dependent 

effects on knee OA. Four weeks of running wheel exercise has previously been shown to 

be protective against OA in the medial femur of 20-24 wk old mice fed a HF diet[29]. 

Minimal if any changes in knee histopathology existed in other locations of the joint. 

This suggests that in younger mice, short-term exercise can have protective effects on 

knee OA. The results of this study expand on this conclusion and show that long-term 

exercise in aged obese mice was, in fact, not protective. Prior studies suggest that running 

exercise is usually protective if initiated before evidence of joint damage[44]. This 

supports the conclusion that running exercise has age-dependent effects on knee OA.  

 
Metabolic Phenotypes of Obesity-Associated OA 
 

We used global metabolomic profiling to characterize overall metabolic 

phenotypes of obesity-associated OA. We focused on the cohorts of mice that did not 

have access to wheel running to generate our metabolic phenotypes of obesity-associated 

OA because of known metabolic perturbations associated with exercise. Because both 

obesity and OA are linked to aberrant metabolism, we anticipated significant metabolic 

differences compared to CF-diet fed mice. The metabolic phenotype of OA consisted of 

many altered pathways including the TCA cycle, amino acid metabolism (methionine, 

tryptophan, isoleucine, leucine, valine), ketogenesis, purine and pyrimidine metabolism, 

NAD biosynthesis, CMP-N-acetylneuraminate biosynthesis, and ubiquinol biosynthesis.  
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The metabolic phenotype of obesity-associated OA included altered TCA cycle, 

ketogenesis, and leucine metabolism, which is reminiscent of the high-fat diet these mice 

were fed. The obese mice in this diet were fed 60% kcal from fat, which is similar to the 

low-carbohydrate, high-fat diets in humans[45]. High-fat diets promote ketogenesis, 

which converts fatty acids into ketone bodies. High-fat diets deplete the levels of glucose 

and oxaloacetate, which in turn lowers TCA cycle activity. Furthermore, leucine is a 

ketogenic amino acid that can feed the TCA cycle and lead to the production of ketone 

bodies. Additional studies are needed to determine if this very-high fat diet-induced 

obesity-associated OA phenotype is similar to the phenotype produced by a more 

standard (45% kcal from fat) high-fat diet-induced obesity-associated OA.  

The metabolic phenotype of obesity-associated OA SF may also suggest altered 

central energy metabolism, with the TCA cycle and NAD biosynthesis being significantly 

altered pathways in the SF of HF-diet fed mice. A master regulator of cellular energy 

metabolism, AMP-activated protein kinase (AMPKa), has also been found to have lower 

activity in aged, OA chondrocytes[46, 47]. Another study found that TCA cycle activity 

and mitochondrial respiration regulated glycolysis in bovine cartilage explants[48]. In 

addition to NAD’s direct involvement in the TCA cycle, NAD is also a regulator of 

sirtuin deacetylases (epigenetic regulation) which have been linked to aging and OA in 

regulating central energy metabolism[49]. The results of this study support previous 

findings suggesting that altered central energy metabolism is a signature of OA.  

CMP-N-acetylneuraminate biosynthesis was a key pathway in the obesity-

associated OA phenotype. CMP-N-acetylneuraminates are sialic acids that can be found 
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as the terminal sugar residue on glycan chains of human glycoconjugates—such as 

proteoglycan. Proteoglycans function as a boundary lubricant in SF in conjunction with 

hyaluronan. In articular cartilage, they are important structural components in the 

extracellular matrix. Importantly, sialic acids play an important role in regulating cellular 

adhesion events involved in inflammatory responses, and both obesity and OA have been 

linked to inflammation. The results of this study show that CMP-N-acetylneuraminate 

biosynthesis is downregulated in obesity-associated OA SF. This finding is consistent 

with proteoglycan loss seen in OA articular cartilage and depleted proteoglycan levels in 

OA SF[50]. Thus, metabolic phenotype of obesity-associated OA may be associated with 

reduced SF boundary lubrication due to reduced levels of proteoglycans.   

 
Obesity-Associated OA Altered Mechanotransduction in Synovial Fluid 
 

Long-term exercise induced a distinct metabolic response in SF from mice with 

obesity-associated OA compared to sedentary controls. Notable mechanosensitive 

pathways identified independent of diet included purine and pyrimidine metabolism, 

serotonin and melatonin biosynthesis, ubiquinol biosynthesis, isoleucine degradation, 

cysteine biosynthesis, and UDP-acetyl-D-galactosamine and glucosamine biosynthesis. 

However, distinct mechanosensitive pathways were identified in each diet cohort as well. 

For example, exercise in aged obese mice perturbed glutamate, proline, and tryptophan 

metabolism, sphingosine metabolism, NAD biosynthesis, and L-carnitine biosynthesis. 

Exercise in aged mice fed a CF diet altered the TCA cycle, ketone oxidation, leucine, 

lysine, tyrosine, and histamine metabolism, and cyclic AMP biosynthesis. These distinct 

mechanosensitive pathways could stem from the reduced voluntary running distance in 
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HF-diet mice. However, these distinct mechanosensitive pathways may also suggest that 

normal mechanotransduction is altered with obesity-associated OA.  The latter 

interpretation is consistent with both increased joint loading due to increased body mass 

and the systemic inflammation associated with the HF diet. 

Ubiquinol biosynthesis was a mechanosensitive pathway that was downregulated 

in all exercised experimental groups. Ubiquinol is the fully reduced form of coenzyme 

Q10 (CoQ10), which functions both in central energy metabolism and as an antioxidant. 

Interestingly, ubiquinol biosynthesis was a key pathway upregulated in the metabolic 

phenotype of obesity-associated OA. However, exercise in both diet cohorts (both HF 

and CF) downregulated ubiquinol biosynthesis in comparison to sedentary controls. 

CoQ10 supplementation has recently been found to have therapeutic effects for OA.  

CoQ10 improves pain and cartilage degradation in rats with monosodium iodoacetate-

induced OA by regulating inflammatory cytokines (interleukin (IL)-1b, IL-6, and IL-15), 

nitric oxide, matrix metalloproteinases (MMP-13), and RAGE expression[51]. However, 

one of the main functions of CoQ10 is to produce adenosine triphosphate (ATP) in the 

electron transport chain. Because these mice underwent long-term exercise, they might 

have depleted ATP stores, which may explain why CoQ10 biosynthesis was reportedly 

downregulated in SF with exercise. While we can confidently conclude that ubiquinol is a 

mechanosensitive pathway, further studies are needed to understand which cell types in 

the joint are affected by this biochemical shift with long-term exercise. 

Three mechanosensitive pathways—proline degradation, UDP-N-acetyl-

glucosamine biosynthesis, and UDP N-acetyl-galactosamine biosynthesis—suggest 
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structural changes in the articular cartilage following long-term exercise in aged obese 

mice. Proline is the second most abundant amino acid in collagen, and collagen damage 

in cartilage is one of the most prominent hallmarks of OA[52]. We found that proline 

degradation was downregulated with long-term exercise in aged, obese mice. If this 

proline degradation is related to collagen remodeling, this would suggest that long-term 

exercise has limited protective effects in the joint. Glucosamine and galactosamine, like 

proline, are also structural components in the proteoglycans of articular cartilage. We 

found that glucosamine and galactosamine biosynthesis were also downregulated with 

long-term exercise in both diet cohorts yet there were no differences in safranin O 

staining. This may suggest that proteoglycans are retained with exercise, and therefore 

rendering further synthesis unnecessary. However, further studies remain to confirm this 

interpretation.  

 
Insight for Biomarkers of Obesity-Associated OA 

 
We have previously shown that global metabolomic profiling by LC-MS analysis 

was capable of identifying candidate biomarkers of OA in human SF[38]. To the best of 

our knowledge, this is the first study to use global metabolomic profiling in search of OA 

biomarkers in an OA mouse model. The results herein show that our method is also 

capable of detecting biomarkers of OA in mouse SF. We identified 19 metabolite features 

as candidate biomarkers of obesity-associated OA in an aged obese mouse model. These 

included phospholipid species, 4-hydroxyphenylacetylglutamine, and fatty acids (oleic 

acid and/or stearic acid). Further studies are needed to validate these potential metabolites 

as biomarkers of obesity-associated OA.  
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Limitations  
 

This study has relevant limitations. First, the experimental design did not collect 

pre-exercise data, making it difficult to evaluate how exercise changes OA pathology and 

metabolic phenotypes over time. While this study did not collect histopathology for 26-

week old mice, prior studies typically find limited if any histological evidence of 

cartilage deterioration, synovial inflammation, or osteophyte formation for this timepoint 

suggesting that the observed effects are due to diet, exercise, and combinations 

thereof[53]. Second, aged CF diet mice did exhibit some OA pathology, as shown by 

modified Mankin with significantly lower cartilage deterioration scores than HF diet 

mice. However, because they showed some OA pathology, it is difficult to know if the 

mechanotransduction occurring in CF diet mice could be considered “normal” 

mechanotransduction. Because OA in mice is not assessed simply as joint space 

narrowing as it is in humans, it is possible that a human of similar age may exhibit similar 

OA pathology as these aged CF diet mice. This limitation supports greater alignment of 

preclinical and clinical endpoints of OA[54]. A third limitation is that global 

metabolomic profiling can only putatively assign metabolite identities to a subset of the 

metabolite features. A comprehensive metabolite database does not currently exist, and 

thus standards are needed to confidently assign identities for several observations in this 

dataset. Further studies are needed to validate the candidate biomarkers of obesity-

associated OA with targeted methods. Finally, the metabolic phenotypes of obesity-

associated OA described herein could be associated with the age of the mice. Future 
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studies are needed to determine if the metabolic phenotypes described are consistent 

across other age groups.  

 
Conclusions  
 

This study supports previous findings that obesity is associated with reduced 

physical activity and that physical activity does not exacerbate damage in obesity-

associated OA joints. It is possible that long-term exercise, independent of body 

composition, exerts protective effects such as the minimization of osteophyte formation. 

However, long-term exercise was not capable of reducing overall OA severity in knee 

joints in this study. In contrast, global metabolomic profiling of SF revealed that exercise 

did restore the metabolic phenotype to that most similar to controls (CF diet; sedentary). 

Furthermore, distinct mechanosensitive pathways were identified between control diet 

and obese mice, suggesting that mechanotransduction in SF is altered in obesity-

associated OA. Using global metabolomic profiling, we were able to identify many 

mechanosensitive pathways, metabolic phenotypes, and potential biomarkers of obesity-

associated OA.   
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CHAPTER SEVEN 
 
 

INHIBITION OF EARLY RESPONSE GENES PREVENTS CHANGES  
IN GLOBAL JOINT METABOLOMIC PROFILES IN MOUSE  

POST-TRAUMATIC OSTEOARTHRITIS 
 
 

Abstract 
 
 

Osteoarthritis (OA) is the most common degenerative joint disease, and joint 

injury increases the risk of OA by 10-fold. Although the injury event itself damages joint 

tissues, a substantial amount of secondary damage is mediated by the cellular responses 

to the injury. Cellular responses include the production and activation of proteases 

(MMPs, ADAMTSs, cathepsins), the production of inflammatory cytokines, and we 

hypothesize, changes to the joint metabolome. The trajectory of cellular responses is 

driven by the transcriptional activation of early response genes, which requires Cdk9-

dependent RNA polymerase II phosphorylation. Flavopiridol is a potent and selective 

inhibitor of Cdk9 kinase activity, which prevents the transcriptional activation of early 

response genes. To model post-traumatic osteoarthritis, we subjected mice to non-

invasive ACL-rupture joint injury. Following injury, mice were treated with flavopiridol 

to inhibit Cdk9-dependent transcriptional activation, or vehicle control. Global joint 

metabolomics were analyzed 1 hour after injury. We found that injury induced 

metabolomic changes, including increases in vitamin D3 metabolism. Importantly, we 

found that inhibition of primary response gene activation at the time of injury largely 

prevented the global changes in injury-induced metabolomics profiles. Cluster analysis of 

joint metabolomes identified groups of injury-induced and drug-responsive metabolites, 
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which may offer novel targets for cell-mediated secondary joint damage. Metabolomic 

profiling provides an instantaneous snapshot of biochemical activity representing cellular 

responses, and these data demonstrate the potential for inhibition of early response genes 

to alter the trajectory of cell-mediated degenerative changes following joint injury.   

 
Significance 
 

 Joint injury is an excellent predictor of future osteoarthritis.  It is becoming 

increasingly apparent that the acute cellular responses to injury contribute to the initiation 

and pathogenesis of OA. Although changes to the joint transcriptome have been 

extensively studied in the context of joint injury, little is known about the changes to 

small-molecule metabolites. Here, we use a non-invasive ACL rupture model of joint 

injury in mice to identify injury-induced changes to the global metabolomic profiles. In 

one experimental group we prevented the activation of primary response gene 

transcription using the Cdk9 inhibitor flavopiridol. Through this comparison, we 

identified two sets of metabolites that change acutely after joint injury: those that require 

transcription of primary response genes and those that do not.  

 
 

Introduction 
 
 

Osteoarthritis (OA) is the most common degenerative joint disease, occurring in 

>50% of the population older than age 65 [1].  Changes in osteoarthritic joints include 

cartilage deterioration and degradation [2], low grade inflammation [3], fibrosis [4], 

subchondral bone remodeling [5], and other phenomena which comprise a complex 
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etiology.  At least 12% of all OA is directly caused by joint injury, and tears of the 

Anterior Cruciate Ligament (ACL) are the second most common knee injury [6-8]. 

Within 10-20 years, up to 50% of patients with ACL tears develop radiographic evidence 

of OA [9, 10], representing a 10-fold increase in disease risk. 

The increased risk for developing OA after injury results through multiple 

mechanisms. First, the mechanical damage that occurs during a joint injury has an 

immediate effect on the joint tissues: cell death and physical damage to joint tissues 

occurs within milliseconds of impact. Second, the immediate mechanical damage triggers 

an acute cellular response within minutes to hours[11]. It is increasingly evident that the 

acute cellular response phase contributes substantially to the risk of developing arthritis 

after injury. The acute response phase is characterized by the release of inflammatory 

mediators such as IL-1, IL-6, iNOS, and TNF from the joint tissues[12]. This, in turn, 

causes the transactivation of primary response genes and leads to the production of 

matrix-degrading enzymes such as MMPS, cathepsins, collagenases, aggrecanases, and 

the production of inflammatory cytokines. The transactivation of the primary response 

genes thus constitutes a secondary wave of cell-mediated damage, which contributes 

substantially to the elevated risk for OA by causing damage at the molecular level that is 

thought to be irreversible[13].  

The transcriptional activation of primary response genes is regulated by the kinase 

activity of cyclin-dependent kinase 9 (Cdk9). The majority of primary response genes are 

‘primed’ for rapid transcriptional activation, with the transcription complex already 

assembled on the DNA promoters and the RNA polymerase complex stalled just before 
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entering the transcriptional elongation stage. The rate-limiting step for the transcription of 

primary response genes is the recruitment of Cdk9, which then phosphorylates RNA 

Polymerase II to enable transcription to proceed. This central mechanism of regulation is 

highly conserved amongst primary response genes[14-18]. Importantly, because RNA 

Polymerase II itself is the target for Cdk9 kinase, this regulatory mechanism is largely 

independent of the actual primary response gene being transcribed[14, 19, 20]. 

Furthermore, multiple signaling pathways converge on Cdk9 kinase activity to initiate 

primary response gene transactivation. Flavopiridol, which is in phase II clinical trials as 

an anti-leukemia treatment [21], is one of several small molecule inhibitors of Cdk9 with 

well-established pharmacokinetics. Flavopiridol inhibits Cdk9 by competing with 

adenosine triphosphate (ATP) for binding to the kinase active site[22]. Previous research 

demonstrates that in vitro inhibition of Cdk9 using flavopiridol attenuates the 

transactivation of primary response gene transcription and protects chondrocytes and 

cartilage explants from apoptosis and cytokine-induced degradation [18]. 

One possible stimulus for the transactivation of primary response genes are the 

injury-induced changes in small molecule metabolites. Conversely, changes in the profile 

of transcribed genes can alter metabolism and affect the relative abundance of small 

molecule metabolites. The abundance of small-molecule metabolites can be assessed 

quantitatively through metabolomic profiling. Metabolomic profiling describes the 

instantaneous cellular response through quantitative measurements of biochemical 

mediators [23].  We hypothesized that the joint metabolome would exhibit global 

alterations during the acute post-injury timeframe. We further hypothesized that 
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treatment with the Cdk9 inhibitor flavopiridol would partially block injury-induced 

changes in the joint metabolome by preventing activation of primary response genes. 

To address our hypotheses, we profiled large-scale molecular changes in joint 

biology one hour following injury, in mice treated with the Cdk9 inhibitor flavopiridol or 

vehicle controls. We used two distinct metabolomics approaches: First, untargeted 

metabolomic profiling provides the opportunity for discovery of both novel and 

previously-defined biochemical mediators of the cellular response. Second, targeted 

metabolomic analysis allows for the sensitive quantification of small molecule expression 

levels (e.g. co-factors, hormones, vitamins, etc.), which describe known biological 

networks such as central energy metabolism [23]. We observed that joint injury altered 

the joint metabolome at the one-hour time-point. Many of the injury-induced 

metabolomic changes were attenuated in mice treated with Cdk9 inhibitor, suggesting 

that transcription of primary response genes is required for the changes to these 

metabolites. 

 
 

Methods 
 
 
Joint Injury Model and Experimental Design 
 

Eighteen 12-week old C57BL/6 male mice were obtained from Jackson Labs, and 

randomly assigned into three experimental groups:  1) Uninjured, 2) Injured, and 3) 

Injured and Injected with Flavopiridol.  Mice were anesthetized with isoflurane 

inhalation, and the right knees injured exactly as described [24].  Briefly, the right ankle 

and knee joint were positioned in custom-machined platens in the mechanical testing 
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setup (Figure 7.1).  A single mechanical load was applied to the ankle (1mm/s to 12N) 

causing anterior translation of the tibia relative to the femur, stretching the ACL beyond 

the point of failure.  The left knees served as uninjured contralateral controls.  

Immediately after injury, before waking from anesthesia, mice were given a systemic 

dose of 7.5mg/kg Flavopiridol by intraperitoneal injection.  Joints were harvested 1 hour 

after injury following sacrifice via CO2 inhalation.  All superficial soft tissue (skin, 

muscle, etc.) was removed.  The joint was isolated via scalpel between the tibial and 

femoral growth plates, which included subchondral bone, synovium, articular cartilage, 

menisci, and ligaments. All mouse experiments were conducted in accordance with 

ethical standards and with approval from the institutional IACUC. 

 
 

 
Figure 7.1. Non-invasive mouse ACL-rupture system to study acute injury responses in 
OA pathogenesis.  (A) Experimental Design: One hour after injury, the individual 
metabolomes from joint tissues were characterized via LC-MS.  (B) Mice were subjected 
to a single mechanical overload of 12 Newtons applied at 1 mm/s that results in ACL 
rupture to the right knee. This initiates a rapid induction of catabolic and inflammatory 
genes, and subsequent pathophysiological changes that mimic human osteoarthritis, 
including GAG loss and subchondral bone changes. The left knees serve as contralateral 
controls.  
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Metabolite Extraction  
 

Metabolites were extracted using our previous methods [25], with modifications 

for joint tissue.  Joint tissue was immediately frozen in liquid nitrogen and pulverized.  

Metabolites were extracted from pulverized joints in methanol:acetone (70:30) with 

repeated vortexing followed by extraction at -20°C overnight.  Samples were pelleted at 

4°C and 13,000 rpm for 10 minutes, the supernatant extracted, and the solvent removed 

via centrifugation under a vacuum for 8 hours at room temperature.  Prior to running the 

dried samples on the mass spectrometer, samples were resuspended in 100 µL of mass 

spectrometry grade water:acetonitrile (50:50 v/v). 

 
Metabolomic Profiling 
 

Metabolite detection was performed in the Montana State University Mass 

Spectrometry Core Facility via HPLC-MS using previously optimized protocols[25, 26].  

Chromatography was performed using an aqueous normal-phase, hydrophilic interaction 

chromatography (ANP/HILIC) HPLC column (Cogent Diamond Hydride Type-C) with a 

length of 150 mm, diameter of 2.1 mm, and particle size of 4 µm in diameter.  The 

column was coupled to an Agilent 1290 HPLC system, and chromatography used 

previously optimized methods [25].  Following each run, blank solvent samples were run 

to ensure thorough washing of the column.   

 
Data Analysis and Statistics 

 
Data analysis involved both metabolites targeted to central energy metabolism 

and global untargeted metabolites. For the untargeted approach, raw HPLC-MS data were 
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converted into .mzXML files using MS Convert (ProteoWizard, [27]), and processed in 

MZmine2.0 [28] prior to statistical analysis.  In MZmine2.0, the datasets were filtered 

using established methods [25, 28] as follows:  chromatograms were created using a 

minimum signal level of 1000 m/z, m/z tolerance of 15 ppm and a minimum time span of 

0.1 minutes. Chromatograms were then normalized using a minimum standard intensity 

of 1000 m/z, at a 15 ppm tolerance, and a 0.25 min retention time tolerance. 

Chromatograms were aligned using a 15 ppm tolerance for both retention time and mass. 

Following chromatogram alignment, lists were created and used for statistical analyses 

and metabolite identification. 

For the targeted approach, ~50 metabolites known to be involved in central 

energy metabolism [29, 30] were analyzed.  MassHunter’s Quantitative Analysis package 

(Agilent Technologies) was used to create a list of the calculated isotopic distributions 

(H+ and Na+ adducts) of the ~50 specific targeted masses (Isotope Distribution 

Calculator, Agilent Technologies). For putative metabolite identification, retention times 

were used with matched values to those from standard analytical samples determined and 

maintained by the MSU Mass Spectrometry Core. For each of the targeted metabolites, a 

20 ppm window was set for each m/z value. 

To assess the effects of Cdk9 inhibition on global joint biology following 

traumatic joint-injury, six separate sample groups were established, each with sample size 

n = 6 mice:  Uninjured/control mice left leg (CL), uninjured/control mice right leg (CR), 

injured mice left leg (IL), injured mice right leg (IR), injured + flavopiridol mice left leg 

(FIL), and injured + flavopiridol mice right leg (FIR) (Table 7.1). The left and right legs 
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of the uninjured/control mice were not subjected to injury.  For the injured mice, the right 

leg was subjected to joint injury, whereas the left leg served as a sham control, and was 

not subjected to injury. For the injured + flavopiridol mice, the right leg was subjected to 

injury and the left leg served as a sham control and was not subjected to injury. The 

flavopiridol was administered systemically by IP injection.  For all statistical analysis, we 

defined detected masses as those present in the majority of samples.  Global metabolomic 

profiles were visualized by hierarchical agglomerative cluster analysis, and clusters of co-

regulated metabolites were identified. Six statistical comparisons were made in analyzing 

the data:  (1) CL vs. CR, (2) IL vs. IR, (3) FIL vs. FIR, (4), CR vs. IR, (5) CR vs. FIR, 

and (6) IR vs. FIR.  To find statistically significant differences, t-tests were used [31] 

with significant differences identified by p-values less than 0.05.  To minimize the risk of 

false positives associated with multiple comparisons testing, standard false discovery rate 

(FDR) calculations [31] were used and results with a q-value of 0.05 were focused on. 

 
 

Table 7.1: Designation of Groups  
Control Uninjured 
(n=6) 

Injured (n=6) Injured + Flavopiridol (n=6) 

CR (Control Right) IR (Injured Right) FIR (FP-treated Injured Right) 
CL (Control Left) IL (Contralateral Left) FIL (FP-treated Contralateral Left) 

 
 

To assess the differences in the metabolite intensity distributions (m/z spectra 

plots for the various sample groups), two-sample Kolmogorov-Smirnov tests were used, 

with statistically significant differences identified by p ≤ 0.05.  Kolmogorov-Smirnov 

tests are used as a non-parametric test for the equality of distributions between two 
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samples.  The same six comparisons were made:  (1) CL vs. CR, (2) IL vs. IR, (3) FIL vs. 

FIR, (4), CR vs. IR, (5) CR vs. FIR, and (6) IR vs. FIR.  

Targeted metabolite profiles were analyzed by hierarchical agglomerative cluster 

analysis and the median ratios of NADP+:NADPH, NAD+:NADH, ATP:ADP,  and 

GDP:GTP were calculated for each of the sample groups to assess relative changes in 

energy metabolism. 

 
Compound Identification and Pathway Enrichment 
 

For putative metabolite identification in the untargeted metabolomic approach, a 

batch search of all of the metabolite mass to charge (m/z) values was performed in 

METLIN and HMDB whose databases contain over 80,000 identifiable metabolites [32, 

33], including lipid identifications from LipidMAPS [34].  Search parameters included 

using a mass tolerance of 20 ppm, and positively charged molecules with potential +1H+ 

or +1Na+ adducts. Putative metabolite identities within clusters of interest identified by 

hierarchical cluster analysis were assessed for enriched pathways via IMPaLA[35].  

 
 

Results 
 
 
Joint Injury Altered Global Metabolomic Profiles   
 

The right knee (stifle) joints of mice were injured by application of a mechanical 

load to the ankle, causing anterior translation of the tibia and stretching the anterior 

cruciate ligament (ACL) beyond the point of failure (Figure 7.1). Left knees were not 

injured and served as contralateral uninjured control joints. The entire injury takes under 
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2 seconds, and since this injury is a non-invasive method, it enables the study of the 

natural progression of the acute injury responses, including changes in gene expression 

and metabolite concentrations. 

To assess functional changes in molecular biology related to joint injury, 

metabolites were extracted from micro-dissected joint tissue following injury.  For 

injured mice, we found distinct metabolomic profiles between the injured right joints and 

contralateral uninjured left joints (Figure 7.2A).  There were 66 metabolites detected in 

the injured knees that were not detected in the contralateral uninjured joints, and 81 

metabolites detected in the contralateral uninjured joints that were undetected in the 

injured joints (Figure 7.2B). Overall, there were 132 metabolites upregulated and 131 

metabolites downregulated in injured joints compared with the contralateral uninjured 

joints of the same mice. Two clusters of interest were identified in hierarchical cluster 

analysis (HCA), with cluster 1 containing 35 metabolites downregulated with injury and 

cluster 2 with 47 metabolites upregulated with injury (Figure 7.2A). Within these 

clusters, we identified several metabolites differentially regulated by injury, including 

upregulation of anandamide and downregulation of glutamine (Figure 7.2C-D). We found 

substantial upregulation of metabolites related to vitamin D3 signaling in injured joints 

(Figure 7.2D).  We observed downregulation of deoxycytidine triphosphate consistent 

with injury-induced upregulation of primary response genes (Figure 7.2D).  Enrichment 

analysis revealed that glutamine and glutamate, arginine and proline, and pyrimidine 

metabolism were downregulated after injury. Pathways upregulated after injury included 
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retinoid metabolism, phospholipid biosynthesis, hydroxyproline degradation, and 

anandamide metabolism.  

 
 

 
Figure 7.2. Joint injury induced global changes in the metabolomic profiles compared to 
contralateral uninjured joints of the same mice.  (A) Distributions of metabolites differ 
between the control and injured knees (statistical comparison #2, see methods). Mirrored 
distributions plotted as median mass spectra from n = 6 mice.  Injured knee plotted on top 
in black and uninjured knee plotted on bottom in grey.  (B) Scatter plot comparing 
metabolite expression levels.  There were 81 metabolites exclusively detected in 
uninjured control knees (red) and 66 metabolites exclusively detected in injured knees 
(blue).  (C) Clustered heatmap of median metabolites between control and injured mouse 
knees.  There were 822 metabolites detected in both control and injured joints.  We 
identified two clusters of interest.  (D) Cluster 1 includes 35 metabolites with decreased 
expression in injury, including glutamine. Cluster 2 contains 47 metabolites with 
increased expression in injured knees compared with uninjured knees.  Cluster 2 includes 
a vitamin D3 derivative and anandamide.  For panel D, all metabolites significantly 
different with all p < 0.01 using statistical comparison #2. 
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Cdk9 Inhibition Prevents Injury-Induced Metabolic Changes 
 

Following injury, a group of mice was treated with the Cdk9 inhibitor flavopiridol 

to downregulate transcription of early response genes.  Early response genes are 

associated with inflammation and degradative enzymes, which can lead to long-term joint 

damage.  We observed distinct metabolomic profiles between joints of injured mice and 

joints of injured mice treated with flavopiridol (FP, Figure 7.3).   

The metabolomic profiles of injured joints treated with FP were more similar to 

control joints than to injured joints without treatment.  In injured joints, there were 56 

metabolites detected after FP-treatment that were not detected in untreated joints.  In 

contrast, in injured joints there were 98 metabolites detected in untreated joints that were 

not present after FP-treatment.  Treatment with FP abrogated the injury-induced 

upregulation of vitamin D3, phylloquinone, and acetylcarnitine. Enrichment analysis of 

the metabolite cluster upregulated after injury identified ubiquinone biosynthesis, vitamin 

digestion and absorption, transport of fatty acids, and various lipid metabolism pathways. 

Flavopiridol prevented injury-induced decreases in the expression of several metabolites 

(Figure 7.3B).  
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Figure 7.3. Intraperitoneal flavopiridol treatment after injury prevented global 
metabolomic changes induced by joint injury.  All panels show right legs of mice 
subjected to either injury, injury and flavopiridol (FP), or uninjured controls from naïve 
mice that received neither injury nor drug, (statistical comparisons #4 and #6, see 
methods).  (A)  Unsupervised clustering performed on median values of 426 metabolites 
common to all experimental groups. The Injured + flavopiridol group clustered most 
closely to the naïve uninjured control group. The distribution of injured mice was ~63% 
further than the distance between the control and flavopiridol-treated mice.  We identified 
a cluster of 75 injury-responsive metabolites.  (B) Selected metabolites upregulated by 
injury and rescued by flavopiridol treatment.  Flavopiridol prevented the injury-induced 
increases in vitamin D3 and derivatives, acetylcarnitine, and phylloquinone.  All p < 0.01 
when comparing injured to either controls or Injured + flavopiridol group by FDR-
corrected t-tests using statistical tests #4 and #6. 
 
Cdk9 Inhibition Represses Injury-Induced Changes in Joint Energy Metabolism 

 
Because both joint degradation and repair processes require substantial energy via 

ATP hydrolysis [36], we quantified metabolites targeted to central energy metabolism 
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(i.e. glycolysis, the pentose phosphate pathway, and the TCA cycle).  By examining the 

ratios of downstream to upstream metabolites, we inferred changes in energy utilization. 

Within the pentose phosphate pathway, there are two reactions that convert 

NADP+ to NADPH.  Injury upregulated the ratio of NADPH to NADP+, consistent with 

the transcription of early response genes (Figure 7.4B).  Treatment with flavopiridol was 

able to reduce this injury-induced upregulation.  Injury also upregulated the ratio of ATP 

to ADP indicating increased glycolysis (Figure 7.4C).  Flavopiridol-treated mice had a 

higher ratio of ATP to ADP suggesting increased glycolytic metabolism upon inhibition 

of early response genes. 

 
 



 
 

265 

 

 
Figure 7.4. Glucose metabolism is altered by injury and partially rescued by Cdk9 
inhibition. After joint injury and treatment with the Cdk9-inhibitor flavopiridol, the 
upstream to downstream ratios of central-energy-related metabolites were examined via 
LC-MS to understand energy utilization.  (A) Conceptual model of glucose utilization 
injury upregulated pentose phosphate activity (PPP) to produce nucleotides.  Flavopiridol 
blocks this upregulation and increases glycolytic metabolism.  (A) There was a single 
outlier (plotted) in the NADPH:NADP+ ratio data.  Five out of six mice demonstrated 
increases in the NADPH:NADP+ ratio upon indicating increased flux through the 
pentose phosphate pathway, potentially to produce nucleotides for upregulated gene 
expression.  (B) The ATP:ADP ratio was increased in the injured knees for both control 
and treated groups indicating increased glycolytic flux, consistent with hypoxic energy 
utilization within the joint.  (C) There were no significant changes in the ratio of 
NAD+:NADH.  (D) The ratio of GDP:GTP was unchanged indicating similar TCA-cycle 
energy utilization.  Data from n = 6 mice.  In panels B-E, lines connect data from the 
injured and contralateral knees of the same mouse for paired analyses. 
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The ratio of NADP+ to NADPH was larger in the contralateral control joints than 

injured joints (Figure 7.4D), which was driven by increases in NADPH expression in the 

injured joint (Supplemental Figure 7.1).  The ratio of ADP to ATP was increased in 

injured knees compared with contralateral controls, and this increase was accentuated via 

treatment with flavopiridol.  The ratios of NAD+ to NADH and GDP to GTP were 

largely unchanged by injury.  Taken together, these results indicate that injury decreases 

glycolytic metabolism with a concomitant increase in carbon metabolism via the pentose 

phosphate pathway, which may result in transcription of early response genes.   

 
 

Discussion and Conclusions 
 
 

Flavopiridol treatment of mice after injury restored global metabolomic profiles to 

those of uninjured controls.  Flavopiridol suppresses Cdk9-dependent phosphorylation of 

RNA Polymerase II, which is the rate-limiting step for the transcriptional elongation of 

primary response genes, and therefore effectively suppresses early response genes [18].  

In this study, we examined whether or not flavopiridol treatment would alter joint 

metabolomics following injury.  Injured mice demonstrated global metabolomic changes, 

and therapeutic intervention with flavopiridol abrogated those changes demonstrating its 

potential for treating joint injuries in human patients.   

Unsupervised clustering of 426 metabolites found the greatest similarity between 

the metabolomes of uninjured control joints from naïve mice and injured-FP-treated 

joints (Figure 7.3A).  This suggests that activation of primary response genes within the 

first hour strongly contributes to the metabolomic response to injury. 
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Using high-dimensional metabolomics, we identified several novel pathways 

affected by joint injury.  Previous studies have utilized metabolomics to assess 

chondrocyte mechanotransduction [25] and to compare normal and OA synovium [37].  

Here we apply metabolomic profiling to study acute changes upon joint injury in mouse 

knees. We find that joint injury alters both global and targeted metabolomic profiles.  

In this model, vitamin D3 and derivatives and vitamin digestion and absorption 

pathways were upregulated after joint injury.  This injury-induced upregulation was 

reversed by treatment with flavopiridol after injury, suggesting that the transcription of 

primary response genes is involved in mediating these changes.  These observations are 

likely related to the changes in subchondral bone seen in both mouse and human OA[38]. 

Increased vitamin D signaling has previously been reported in arthritic joints in response 

to joint damage to induce new bone formation, with this increased bone remodeling 

associated with joint pain[39, 40]. In this noninvasive injury model, we observe dramatic 

bone remodeling as early as 3 days post-injury, resulting in a 25-35% loss of subchondral 

bone volume peaking at 7-10 days post-injury[24].  Since bone is innervated, modulation 

of vitamin D3 signaling in OA may provide novel therapeutic strategies for improving 

osteoarthritis pain, which is the major cause of debilitation[41].  While previous clinical 

trials have administered vitamin D3 to OA patients[34], these results suggest that 

inhibition of vitamin D3 signaling, as achieved with Cdk9 inhibition here, may be 

beneficial for OA patients. The data potentially show that injury induces vitamin D3 

metabolism, which may be partially blocked by Cdk9 inhibition, indicating that blocking 
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primary response gene transcription may minimize injury-induced changes in 

subchondral bone. 

Injury increased levels of phylloquinone (vitamin K) in the joint, with this 

increase abrogated by flavopiridol treatment. Phylloquinone is the primary form of 

vitamin K, and sufficient vitamin K levels are imperative for normal cartilage and bone 

mineralization [42].  Previous research found primary vitamin K levels are lower in 

chronic hand and knee OA [43].  Interestingly, we found increased levels of 

phylloquinone (vitamin K) and vitamin digestion and absorption pathways upregulated 

after injury. These injury-induced increases are likely due to the bone remodeling caused 

by the mechanical overload.  Furthermore, the flavopiridol-induced reduction in 

phylloquinone levels may further suggest that transcription of early response genes 

mediates bone remodeling after injury. 

Acetylcarnitine was upregulated in the joint after injury. Acetylcarnitine is 

metabolized to carnitine, which transports fatty acids to the mitochondria for breakdown. 

We also identified fatty acid transport and various lipid metabolism pathways 

upregulated after injury. Lipids and fatty acids have previously been implicated in 

chondrocyte mechanotransduction, although their importance in OA pathogenesis 

remains unknown [26]. Levels of acetylcarnitine were abrogated with flavopiridol 

treatment, which may suggest that transcription of early response genes may be 

mediating injury-induced perturbations in fatty acid metabolism. Previous studies have 

also investigated the prophylactic role of acetylcarnitine in a monosodium iodoacetate rat 

model of OA, demonstrating that acetylcarnitine supplementation was able to reduce 
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overall OA damage in the joint and attenuate OA pain[44]. Flavopiridol treatment, 

however, did abrogate the increase in acetylcarnitine levels in this study, which could 

suggest a potentially negative side effect of inhibiting the transcription of early response 

genes after injury. Further studies are needed to elucidate the role of fatty acid 

metabolism and acetylcarnitine levels after injury and its implications for the 

development of PTOA. 

Anandamide levels and anandamide metabolism were upregulated after joint 

injury. A likely source of anandamide in joints is synovial fibroblasts because these cells 

contain the required enzymes for its synthesis [45]. Elevated levels of anandamide have 

previously been found in synovium and synovial fluid from patients with end-stage 

OA[46]. Anandamide is an endocannabinoid implicated in inflammation, pain, 

nociceptive signaling, and analgesia via cannabinoid receptors. Importantly, elevated 

levels of anandamide after injury are thought to modulate the intensity of pain stimuli. 

Our results support increased anandamide levels after injury. However, additional studies 

are needed to elucidate anandamide’s role in injury-induced pain signaling.  Anandamide 

also has known roles in osteoclast and osteoblast activation and proliferation[47, 48]. 

Taken together with the subchondral bone remodeling after ACL rupture in this model, 

the increased levels of anandamide after injury may also suggest a role in injury-induced 

bone remodeling. Consistent with previous findings, these results suggest that elevated 

anandamide levels are associated with injury and may be playing a role in injury-induced 

bone remodeling and/or pain signaling.  



 
 

270 

 

Targeted metabolomics found several changes in central energy metabolism 

following joint injury.  The flux through the pentose phosphate pathway, as quantified by 

decreases in the ratio of NADP+ to NADPH increased after joint injury.  This increase is 

likely due to the increased requirement for nucleobases to transcribe early response 

genes.  As expected, this flux increase was abrogated following Cdk9 inhibition via 

flavopiridol treatment.  Similarly, glycolytic flux, quantified by decreases in the ratio of 

ATP to ADP decreased following joint injury.  We found no changes in the TCA cycle 

represented by the ratio of GTP to GDP.  These two observations are consistent with the 

joint as a hypoxic environment where most energy utilization is via anaerobic 

glycolysis[49].   

The ability of flavopiridol to restore global changes in metabolomics caused by 

injury in mice is promising for improving treatment of injury-related osteoarthritis.  

Flavopiridol has been tested in human patients as a Cdk9 inhibitor for various cancers 

and is currently in phase II clinical trials as an anti-leukemia drug. Extension of this study 

will test the ability of flavopiridol to reduce cartilage deterioration and subchondral bone 

changes following mouse and human joint injury.  In conclusion, this study demonstrated 

(1) the utility of high-dimensional metabolomic analysis to examine global changes in 

molecular biology in animal models and (2) the potential for flavopiridol to improve joint 

health following injury.   
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CHAPTER EIGHT 
 
 

CONCLUSION 
 
 

The overall goal of this research was to expand our understand of osteoarthritis 

(OA) using LC-MS-based global metabolomic profiling. LC-MS is a highly sensitive 

method used to measure small molecules, an analytical technique termed metabolomics. 

Because OA is associated with metabolic perturbations, we employed global 

metabolomic profiling to generate unbiased metabolic phenotypes of the biological 

systems as they pertain to OA. We employed LC-MS-based global metabolomic profiling 

to expand our understanding of OA in two areas of research: (1) OA biomarkers and 

phenotypes, and (2) OA risk factors and therapeutic interventions. To the best of our 

knowledge, the research herein is novel and has not been previously reported. This work 

showed that global metabolomic profiling may be useful for OA biomarker discovery, 

phenotype classification, mechanotransduction insights, and investigating the effects of 

therapeutic interventions on small molecules in the joint.  

The first area of research, addressed in Chapters 2-4, focused on OA diagnosis by 

investigating OA biomarkers and phenotypes. In Chapters 2-3, LC-MS-based global 

metabolomic profiling was exemplified for biomarker discovery for OA and RA. Human 

synovial fluid (SF) from patients with OA, rheumatoid arthritis (RA), and no known 

diseases (healthy) were analyzed by LC-MS, and global metabolomic profiles were 

generated. In Chapter 2 we focused on comparing global metabolomic profiles of OA SF 

to healthy SF. We showed that the global metabolomic profiles of OA and healthy SF 
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were distinct from another, revealing potential disease processes in OA pathogenesis. 

Specifically, we found that chondroitin sulfate degradation, arginine and proline 

metabolism, and nitric oxide metabolism were upregulated in OA compared to healthy 

SF. Furthermore, we utilized receiver operating characteristic (ROC) analysis to 

determine the diagnostic value of each detected metabolite for classifying OA and 

identified 35 metabolites as candidate biomarkers of OA. Candidate OA biomarkers 

included phospholipid species, ceramides, myristate derivatives, and carnitines. Chapter 3 

expanded on the RA findings reported in Chapter 2, further validating the use of LC-MS-

based global metabolomic profiling for biomarker discovery. Known disease processes 

consistent with the inflammatory nature of disease and previously reported biomarkers 

for RA were detected using our method. Future studies may build off this work and 

utilize this method for biomarker discovery for OA in a larger sample population. 

Chapter 4 employed the LC-MS-based global metabolomic profiling method 

exemplified in Chapters 2-3 to investigate the heterogeneity of OA and classify donors 

into OA phenotypes. SF samples from donors with OA grades 0-IV were analyzed by 

LC-MS. Global metabolomic profiling showed that diseased SF had a distinct metabolic 

phenotype from healthy SF. Pathways altered with disease included structural 

deterioration pathways, glycerophospholipid metabolism, inflammation, lipid 

metabolism, central energy metabolism, and vitamin metabolism. These pathways may 

play a role in OA pathogenesis. Furthermore, distinct metabolic phenotypes existed in SF 

from early OA donors compared to late OA donors, with late OA exacerbating perturbed 

pathways in early OA. We also were capable of classifying donors in early and late OA 
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into specific subgroups which may be representative of potential OA phenotypes. 

Specific phenotypes in early OA pertained to either inflammatory pathways or structural 

deterioration pathways. In late OA, phenotypes consisted of oxidative stress and 

inflammation or structural degeneration. Expansion of this work may profile a larger 

cohort of SF samples to investigate additional phenotypes of OA. Furthermore, additional 

studies should investigate biomarkers of OA within specific phenotypes of OA.  

Chapters 5-7 focused on furthering our understanding of OA risk factors (age, 

obesity, and joint trauma) and therapeutic interventions (exercise and inhibition of early 

response genes). Chapters 5-6 investigated in vivo SF mechanotransduction to provide 

insight into exercise regimes as a nonpharmacologic treatment of OA. The objective of 

Chapter 5 was to generate metabolic phenotypes of mouse SF following acute exercise to 

provide insight into the beneficial effects of exercise. The SF was profiled to generate a 

whole-joint perspective of mechanotransduction. Acute exercise induced both 

inflammatory and anti-inflammatory responses in mouse SF. The mechanosensitive 

pathways identified also suggest that exercise contributes to maintaining joint 

homeostasis by promoting amino acid metabolism for protein synthesis and increasing 

antioxidants levels to counteract oxidative stress-associated destruction in the joint. This 

study generated a metabolic phenotype for comparison for future studies that investigate 

the impact of acute exercise in an OA joint as a non-pharmacologic intervention.  

Chapter 6 focused on obesity, age, and physical activity as OA risk factors. 

Obesity-associated OA was modeled using a high-fat diet aged mouse model. This study 

generated distinct SF metabolomic profiles of obesity-associated OA compared to non-
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OA controls, providing insight into disease processes in obesity-associated OA 

pathogenesis. The metabolic phenotype of obesity-associated OA in SF from aged mice 

consisted of altered central energy metabolism, amino acid metabolism, and perturbed 

synthesis pathways of structural components (sialic acids, N-glycans, GAGs) of the 

articular cartilage. Using the metabolomic profiles, candidate biomarkers of obesity-

associated OA were identified, including oleic and stearic acid, 4-

hydroxyphenylacetylglutamine, and phospholipid species. This is the first study to 

employ global metabolomic profiling to identify candidate biomarkers of OA in mouse 

SF.  

Long-term exercise was investigated as a nonpharmacologic treatment for 

obesity-associated OA. We found that long-term exercise was not protective against 

obesity-associated knee OA, but it did restore the metabolomic profiles of SF to be most 

similar to unexercised, control mice. Thus, long-term exercise does have some beneficial 

effects in diseased joints, despite being unable to reduce knee OA pathology. 

Importantly, mice with obesity-associated OA had a distinct metabolic response to long-

term exercise compared to non-OA controls, indicating that SF mechanotransduction is 

altered with disease. Expansion of this work will the further investigate the high-fat diet-

induced metabolic perturbations that were reversed with long-term exercise to provide 

insight into the beneficial effects of exercise as a nonpharmacologic treatment for OA. 

In Chapter 7, we focused on joint trauma as an OA risk factor. We induced post-

traumatic OA (PTOA) in mice using a noninvasive anterior cruciate ligament (ACL) 

rupture model and investigated the effect of flavopiridol, a cyclic dependent kinase-9 



 
 

280 

 

(Cdk9) inhibitor to block early response genes, to prevent acute changes in the joint 

following injury. Flavopiridol administration immediately following injury was capable 

of restoring the metabolomic profile to that of uninjured controls. Specifically, injury-

induced upregulation of vitamin D signaling, anandamide metabolism, fatty acid 

metabolism, and vitamin K metabolism were abrogated with flavopiridol treatment. This 

study demonstrates the implications of the inhibition of early response genes to alter 

these cellular responses after joint trauma and the ability of global metabolomics to 

provide insight into treatment effectiveness. Future studies will investigate the effect of 

flavopiridol administration post-injury on knee PTOA pathology.  

In conclusion, this work exemplified LC-MS-based global metabolomic profiling 

for generating metabolic phenotypes, identifying candidate biomarkers of disease, and 

revealing small-molecule responses to pharmacologic and non-pharmacologic OA 

interventions. We found that the metabolic phenotypes in the joint varied depending on 

disease subtype. Obesity-associated OA exhibited changes in central energy metabolism 

and structural deterioration in the SF, whereas PTOA-affected joints exhibited evidence 

of subchondral bone remodeling and pain. Subgroups of human OA patients exhibited 

distinct metabolic phenotypes in SF pertaining to structural deterioration, inflammation, 

and/or oxidative stress, further suggesting multiple subtypes of OA with distinct disease 

pathogenesis. Importantly, long-term exercise (nonpharmacologic intervention) and 

inhibition of early response genes (pharmacologic intervention) were capable of reversing 

disease-induced metabolic perturbations in the joint, illustrating the potential of these 

interventions as promising treatment options for OA. 
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To the best of our knowledge, this work has not been reported previously and 

includes a number of novel findings. This work generated important findings for 

improving OA diagnosis and providing insight into OA risk factors and therapeutic 

interventions. Finally, this study exemplified the use of global metabolomic profiling for 

furthering our understanding of OA.  



 
 

282 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

APPENDICES 
  



 
 

283 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

APPENDIX A 
 
 

SUPPLEMENTAL MATERIAL FOR CHAPTER TWO: OA BIOMARKERS 
  



 
 

284 

 

SUPPLEMENTAL MATERIAL FOR CHAPTER TWO: OA BIOMARKERS 
 
 

 
Supplemental Figure 2.1. RA and healthy SF metabolomic profiles are distinct from one 
another. (A) Clustered heatmap of RA (n=3) and healthy (n=5) median metabolite 
intensities (H=healthy). 1018 metabolites were detected in RA and healthy SF, with 162 
metabolites being significantly different (p<0.05). Clusters of co-regulated metabolites 
are outlined in black and labeled as S1.1 and S1.2. Cluster S1.1 contains 55 metabolites 
downregulated in RA and cluster S1.2 contains 107 metabolites upregulated in RA. (B) 
PCA of metabolite intensities in RA and healthy SF. PC1 (33.6%), PC2 (17.8%), and 
PC3 (15.2%) accounted for 62.6% of the variation within the dataset. Comparison of 
PC1, PC2, and PC3 show clear separation between RA and healthy SF metabolomic 
profiles. (C) Scatter plot comparing metabolite intensities in RA and healthy SF 
(A.U.=Arbitrary Units). Of the 1018 metabolites detected, 310 metabolites were 
exclusively detected in RA SF (blue) and 282 metabolites were exclusively detected in 
healthy SF (red). (D) Volcano plot of RA and healthy SF, plotting the –log(p-value) 
against the fold change (log2(ratio)) of individual metabolites. Vertical dashed lines 
represent the twofold change and the horizontal dashed line represents the cutoff p-value 
of 0.05. Metabolites in the upper right and left quadrants represent metabolites with a p-
value less than 0.05 and a greater than twofold change.12 metabolites were significantly 
upregulated in RA (upper right quadrant) and 25 metabolites were significantly 
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downregulated in RA (upper left quadrant) in comparison to healthy (p-value<0.05; fold 
change>2). 
 
 
Supplemental Table 2.1: Pathway enrichment of metabolite clusters. Metabolic pathways 
are altered in OA and RA SF. Metabolites in clusters from Figures 2.2A, 2.3A, and 
Supplemental Figure 2.1A were identified using METLIN and enriched via IMPaLA for 
relevant biochemical pathways. See Supplemental Material zip file. 
 
 
Supplemental Table 2.2: Volcano plot enrichment of significant upregulated and 
downregulated metabolites in diseased SF. Metabolic profiling revealed metabolites in 
diseased SF upregulated or downregulated greater than twofold. Significant m/z values 
with a p-value<0.05 and greater than twofold change in the upper right and upper left 
quadrants of Figures 2.2D and Supplemental Figure 2.1D were identified using METLIN. 
See Supplemental Material zip file. 
 
 
Supplemental Table 2.3: METLIN identification of potential OA biomarkers. ROC 
analysis identified 35 potential SF biomarkers for OA. M/z values with an AUC>0.9 
were matched with known metabolite identities using the METLIN metabolite database. 
19 of the 35 m/z values mapped to 91 potential metabolite identities with a 15 ppm 
tolerance. The remaining 16 m/z values did not map to known metabolite identities and 
thus further experimentation is needed to determine if they are novel metabolites. See 
Supplemental Material zip file. 
 
 
Supplemental Table 2.4: METLIN identification of potential RA biomarkers. ROC 
analysis identified 30 potential SF biomarkers for rheumatoid arthritis with an AUC>0.9. 
Of these 30 m/z values, 15 matched with 119 potential metabolite identities with a 15 
ppm tolerance. The remaining 15 did not map to any known metabolite identities, thus 
may be potentially novel metabolites. See Supplemental Material zip file. 
 
 
Supplemental Table 2.5: METLIN identification and pathway enrichment of 
Supplemental Figure 2.1 Heatmap. Metabolic profiling revealed pathways altered in RA 
SF. M/z values in Supplemental Figure 2.1, clusters S1.1 and S1.2 were identified using 
METLIN and consequently enriched via IMPaLA for relevant pathways.  See 
Supplemental Material zip file.  
 
 
Supplemental Table 2.6: METLIN identification and pathway enrichment of Figure 2.2 
heatmap. Metabolic profiling revealed pathways altered in OA SF. M/z values in Figure 
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2.2 clusters 2.1 and 2.2 were identified using METLIN and consequently enriched via 
IMPaLA for relevant pathways. See Supplemental Material zip file. 
 
 
Supplemental Table 2.7: METLIN identification and pathway enrichment of Figure 2.3 
heatmap. Pathway enrichment revealed distinct pathways altered in diseased SF 
compared to healthy. M/z values in Figure 2.3, clusters 3.1-3.4 were identified using 
METLIN and consequently enriched via IMPaLA for relevant pathways. See 
Supplemental Material zip file. 
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SUPPLEMENTAL MATERIAL FOR CHAPTER THREE: RA BIOMARKERS 
 
 
Supplemental Table 3.1: Pathway enrichment of co-regulated metabolites. Metabolic 
pathways altered in RA synovial fluid. Metabolites in clusters 1.1 and 1.2 of Figure 3.1A 
were identified via METLIN and enriched for relevant pathways via IMPaLA. See 
Supplemental Material zip file. 
 
 
Supplemental Table 3.2: Volcano plot enrichment of significant upregulated and 
downregulated metabolites in diseased synovial fluid. Global metabolomic profiling 
revealed significant upregulated or downregulated metabolites. Significant metabolites 
with a p-value<0.05 and greater than twofold change in the upper right and left quadrants 
of Figure 3.1D were matched to metabolite identities using METLIN. See Supplemental 
Material zip file. 
 
 
Supplemental Table 3.3: METLIN identification of potential RA biomarkers. ROC 
analysis identified 30 putative biomarkers of RA in human synovial fluid (AUC>0.9). 15 
metabolites did not match to any known metabolite identities. The remaining 15 
metabolites matched to 119 potential metabolite identities (m/z +/- 15 ppm). See 
Supplemental Material zip file. 
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SUPPLEMENTAL MATERIAL FOR CHAPTER FOUR: OA PHENOTYPES 
 
 

Supplemental Discussion  
 
 
Additional Pathways Perturbed with Disease 

 
Other pathways pertaining to lipid metabolism were also altered with disease. A 

cluster of co-regulated metabolites that decreased in abundance over the course of disease 

mapped to carnitine biosynthesis, fatty acid metabolism, ceramide biosynthesis, ketolysis, 

and squalene and cholesterol biosynthesis. Carnitine, as described above, is a transporter 

to move long-chain fatty acids across the inner mitochondrial membrane for breakdown 

into acetyl CoA for energy production. Ketolysis also produces acetyl CoA, whereas 

cholesterol is synthesized from acetyl CoA. These pathways further support altered 

energy metabolism in OA SF. Ceramides are sphingolipids implicated in signal 

transduction of inflammatory mediators with catabolic effects. Studies have shown that 

ceramide stimulate proteoglycan degradation in cartilage explants via matrix 

metalloproteinases[1]. Furthermore, a lipidomic study found that levels of ceramides 

were elevated in OA SF, consistent with macroscopic evidence of mild inflammation and 

degradation[2]. The results of this study clearly suggest that lipid metabolism is altered 

with disease progression, although future studies are needed to elucidate the exact 

mechanism by which it contributes to OA pathogenesis.  

 
Metabolic Phenotypes Differing Between Early and Late Stage Disease 

 
A subset of metabolites also had the greatest ability of discriminating between 

early and late OA including 2-hydroxyglutarate, tyramine, 4-3-pyridyl-butanoate, 5-
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oxoproline, N-acetylputrescine, and phenylalanine. Interestingly, a number of these 

discriminative metabolites are involved in the methionine salvage pathway. S-

adenosylmethionine (SAM), an intermediate in the methionine salvage pathway, has been 

extensively studied for its effects in minimizing OA pain. Despite many studies 

comparing the effects of SAM on OA pain, no study to date has investigated the 

mechanism underlying its beneficial effects[3-5]. Regardless, the results of this study 

could suggest that methionine metabolism is important in OA pathogenesis, particularly 

when progressing from early to late stage disease.  

Despite these differences, we did identify a number of pathways with similar 

activity in both early and late OA. A number of amino acid pathways were upregulated in 

both early and late disease including valine, leucine, isoleucine, histidine, glutamate, 

lysine, tryptophan, arginine, and proline. Pathways pertaining to structural changes 

including glycosaminoglycan degradation pathways and N-glycan metabolism were also 

upregulated in both states of OA. Additionally, a number of discriminative metabolites 

overlapped in distinguishing between healthy and late OA and healthy and early OA 

including pyridoxamine, 5-methoxytryptophol, thrynoamine, and thiamine.  

 
Insight for Biomarker Discovery 

 
The results of this study provide a number of considerations for biomarker 

discovery for OA. The distinct metabolomic profiles between early and late OA support 

the use of disease state-specific biofluids for biomarker discovery. The majority of 

studies searching for biomarkers of OA in diseased biofluids obtain these fluids at the 

end-stage of disease. Particularly with SF, most studies obtain SF samples when patients 
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are undergoing total joint arthroplasty (end-stage disease)[6-9]. However, the results of 

this study suggest that the biomarkers identified by these studies may not be applicable to 

early OA. Similarly, the distinct phenotypes generated by this study suggest that 

biomarkers may differ between stage-specific phenotypes as well. Distinct discriminative 

metabolites were identified between disease states and phenotypes, further supporting 

these implications for biomarker discovery. For example, tyramine, phenylalanine, 4-3-

pyridyl butanoate, N-acetylputrescine, and 4-hydroxy-2-nonenal-glutathione had the 

greatest ability to distinguish between early and late OA. N-acetylspermidine, queuine, 

and N-acetyl-serotonin had the greatest discriminative abilities for healthy and early OA. 

4-hydroxy-proline, glutamate, anandamide, and imidazole acetaldehyde had the greatest 

ability for distinguishing between healthy and late OA.  

There were, however, some overlapping metabolites capable of discriminating 

between healthy, early, and late OA. 5-methoxytryptophol, in particular, was identified as 

a discriminative metabolite for all comparisons. 5-methoxytryptophol is a serotonin 

degradation product released from the pineal gland. It is known to play a role in 

biological rhythms, reproductive behavior, and immune function. However, we report 5-

methoxytryptophol as a possible OA biomarker with caution because we did not account 

for confounding variables such as significant age differences between cohorts. Future 

studies are needed to evaluate 5-methoxytryptophol as a potential biomarker of OA and 

its implications in OA pathogenesis.  

This study also provides pathways of interest for future studies to investigate for 

biomarkers of OA including oxidative stress, structural degradation, lipid metabolism, 



 
 

293 

 

and central energy metabolism. Prior biomarker studies search of biomarkers using 

targeted approaches, analyzing a pre-determined subset of metabolites. While targeted 

methods give greater confidence in compound identification, they are negating changes in 

the rest of the metabolome. Global metabolomic profiling, on the other hand, provides an 

unbiased, overall view of changes in the metabolome with disease. From these global 

metabolomic profiles, relevant pathways altered with disease can be selected in an 

unbiased manner for future targeted analyses in search of OA biomarkers.  

 
 

Supplemental Tables 
 
 
Supplemental Table 4.1. Pathway enrichment of clusters of co-regulated metabolites.  
Pathway enrichment of clusters of co-regulated metabolites in Fig. 4.1 clustergram. 
Metabolite features within each cluster were enriched for relevant pathways. Pathways 
are reported with the total number of metabolites in each pathway, the total metabolites 
within that pathway detected in the entire dataset (Total hits), and the total detected in 
that pathway within the cluster being analyzed (Sig. hits). Pathways are reported if 
mummichog returned an FDR-corrected p-value less than 0.05. See Supplemental 
Material zip file. 
 
 
Supplemental Table 4.2. Full pathway enrichment of clusters of co-regulated metabolites.  
Full list of all pathways identified for each cluster in Fig. 4.1 clustergram. See 
Supplemental Material zip file. 
 
 
Supplemental Table 4.3. Discriminative metabolites identified by PLS-DA for classifying 
SF as healthy, early OA, late OA, phenotype E1, phenotype E2, phenotype L1, or 
phenotype L2. Full list of discriminative metabolite features with VIP scores for PC1 and 
PC2 for each PLS-DA plot in Fig. 4.2-4.6. Potential metabolite identities are reported as 
compound matches using mummichog and the Biocyc pathway library. See Supplemental 
Material zip file. 
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Supplemental Table 4.4. Full pathway enrichment of volcano plots in Fig. 4.2-4.6.  
Full list of all pathways identified in Fig. 4.2-4.6 volcano plots. Pathways are reported for 
the pathway library, MFN. See Supplemental Material zip file. 
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SUPPLEMENTAL MATERIAL FOR CHAPTER FIVE: IN VIVO 
MECHANOTRANSDUCTION 

 
 

Supplemental Tables 
 
Supplemental Table 5.1. Pathways upregulated with acute exercise. Pathway enrichment 
analysis via mummichog of metabolite features with a fold change > 1 (mass accuracy: 
0.1 ppm; positive mode). Pathways are reported with the total number of metabolites in 
the pathway, total number of detected features in the pathway, total number of detected 
features corresponding to directionality of the pathway, the EASE score, Fischer’s Exact 
p-value, and the adjusted p-value. See Supplemental Material zip file. 
 
 
Supplemental Table 5.2. Pathways downregulated with acute exercise. Pathway 
enrichment analysis via mummichog of metabolite features with a fold change < 1 (mass 
accuracy: 0.1 ppm; positive mode). Pathways are reported with the total number of 
metabolites in the pathway, total number of detected features in the pathway, total 
number of detected features corresponding to directionality of the pathway, the EASE 
score, Fischer’s Exact p-value, and the adjusted p-value. See Supplemental Material zip 
file. 
 
 
Supplemental Table 5.3. Pathways altered with acute exercise based on metabolite 
features VIP scores. Pathway enrichment analysis via mummichog of metabolite features 
with a PLS-DA VIP greater than 1.5 (mass accuracy: 0.1 ppm; positive mode). Pathways 
are reported with the total number of metabolites in the pathway, total number of detected 
features in the pathway, total number of detected features corresponding to directionality 
of the pathway, the EASE score, Fischer’s Exact p-value, and the adjusted p-value. See 
Supplemental Material zip file. 
 
 
Supplemental Table 5.4. Mechanosensitive metabolite features identified by PLS-DA 
VIP. Full table of compound matches for mechanosensitive metabolite features identified 
by PLS-DA VIP. Features were identified via the metabolite database METLIN with 
adducts H+, Na+ and a mass tolerance of 15 ppm. See Supplemental Material zip file. 
 
 
Supplemental Table 5.5. Mechanosensitive metabolite features identified by correlation 
coefficient analysis. Full table of compound matches for mechanosensitive metabolite 
features identified by correlation coefficient analysis. Features were identified via the 
metabolite database METLIN with adducts H+, Na+ and a mass tolerance of 15 ppm. See 
Supplemental Material zip file. 
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Supplemental Table 5.6. Mechanosensitive metabolite features identified by volcano plot 
analysis. Full table of compound matches for mechanosensitive metabolite features 
identified by volcano plot analysis. Features were identified via the metabolite database 
METLIN with adducts H+, Na+ and a mass tolerance of 15 ppm. See Supplemental 
Material zip file. 
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SUPPLEMENTAL MATERIAL FOR CHAPTER SIX: HIGH-FAT DIET OA MOUSE 
MODEL 

 
 
Supplemental Table 6.1. Metabolite identities from volcano plot analysis. Metabolite 
features from volcano plots in Fig. 6.5C, 6.5F, 6.6C, and 6.6F with a p-value less than 
0.05 and greater than twofold change were matched to known metabolite identities. See 
Supplemental Material zip file. 
 
 
Supplemental Table 6.2. Complete list of pathways altered with a HF-diet. Complete list 
of pathways altered with in SF from mice fed a HF-diet when compared to mice fed a 
CF-diet. Full mummichog enrichment analysis results for HF-diet sedentary vs. CF-diet 
sedentary and HF-diet exercised vs. CF-diet exercise mice. See Supplemental Material 
zip file. 
 
 
Supplemental Table 6.3. Complete list of pathways altered with long-term exercise. 
Complete list of pathways altered in SF from exercised mice compared to sedentary mice. 
Full mummichog enrichment analysis results for HF-diet exercised vs. HF-diet sedentary 
and CF-diet exercised vs. CF-diet sedentary mice. See Supplemental Material zip file. 
 
 
Supplemental Table 6.4. Complete list of candidate biomarker identities for obesity-
associated OA. Uncondensed list of metabolite identities for the 19 metabolite features 
considered candidate biomarkers of obesity-associated OA (AUC>0.7). See 
Supplemental Material zip file. 
 
 
Supplemental Table 6.5. PLS-DA VIP scores and metabolite features. Top 25 metabolite 
features with the greatest PLS-DA VIP scores in PC1 and PC2 for Fig. 6.5-6.6 and 
potential compound matches identified. See Supplemental Material zip file. 
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SUPPLEMENTAL MATERIAL FOR CHAPTER SEVEN: PTOA 
 

 
Supplemental Figure 7.1. Both injury and flavopiridol treatment altered expression of 
targeted metabolites.  Plot shows raw targeted metabolomics data used to generate ratios 
used to infer changes in energy metabolism between glycolysis, the pentose phosphate 
pathway, and the TCA cycle.  Points for the left and right knees of each experimental 
animal are connected by a line indicating the pairwise comparison.  (A) NADPH.  (B) 
NADP+ (C) ATP (D) ADP (E) GTP (F) GDP. 



 
 

302 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
REFERENCES CITED 

  



 
 

303 

 

Abramson, S.B., Osteoarthritis and nitric oxide. Osteoarthritis Cartilage, 2008. 16 Suppl 
2: p. S15-20. 

 
Adams, S.B., Jr., et al., Global metabolic profiling of human osteoarthritic synovium. 

Osteoarthritis Cartilage, 2012. 20(1): p. 64-7. 
 
Adams, S.B., Jr., L.A. Setton, and D.L. Nettles, The Role of Metabolomics in 

Osteoarthritis Research. Journal of the American Academy of Orthopaedic 
Surgeons, 2013. 21(1): p. 63-64. 

 
Alberts, B., et al., Molecular Biology of the Cell. Fourth Edition ed. 2002, New York, 

NY: Garland Science. 
 
Amir-Zilberstein, L., et al., Differential regulation of NF-kappaB by elongation factors is 

determined by core promoter type. Molecular and cellular biology, 2007. 27(14): 
p. 5246-59. 

 
arc, O.C., et al., Identification of new susceptibility loci for osteoarthritis (arcOGEN): a 

genome-wide association study. Lancet, 2012. 380(9844): p. 815-23. 
 
Arokoski, J.P., et al., Normal and pathological adaptations of articular cartilage to joint 

loading. Scand J Med Sci Sports, 2000. 10(4): p. 186-98. 
 
Arroll, B. and F. Goodyear-Smith, Corticosteroid injections for osteoarthritis of the knee: 

meta-analysis. BMJ, 2004. 328(7444): p. 869. 
 
Askari, A., et al., Hyaluronic acid compared with corticosteroid injections for the 

treatment of osteoarthritis of the knee: a randomized control trail. Springerplus, 
2016. 5: p. 442. 

 
Attur, M., et al., Prognostic biomarkers in osteoarthritis. Curr Opin Rheumatol, 2013. 

25(1): p. 136-44. 
 
Bank, R.A., et al., A simplified measurement of degraded collagen in tissues: application 

in healthy, fibrillated and osteoarthritic cartilage. Matrix Biol, 1997. 16(5): p. 
233-43. 

 
Barboric, M., et al., NF-kappaB binds P-TEFb to stimulate transcriptional elongation by 

RNA polymerase II. Molecular Cell, 2001. 8(2): p. 327-37. 
 
Barboza, E., et al., Profibrotic Infrapatellar Fat Pad Remodeling Without M1 

Macrophage Polarization Precedes Knee Osteoarthritis in Mice With Diet-
Induced Obesity. Arthritis Rheumatol, 2017. 69(6): p. 1221-1232. 



 
 

304 

 

Bartel, J., J. Krumsiek, and F.J. Theis, Statistical methods for the analysis of high-
throughput metabolomics data. Comput Struct Biotechnol J, 2013. 4: p. 
e201301009. 

 
Bartlett, S.J., et al., Identifying common trajectories of joint space narrowing over two 

years in knee osteoarthritis. Arthritis Care Res (Hoboken), 2011. 63(12): p. 1722-
8. 

 
Bateman, J.F., et al., Transcriptomics of wild-type mice and mice lacking ADAMTS-5 

activity identifies genes involved in osteoarthritis initiation and cartilage 
destruction. Arthritis Rheum, 2013. 65(6): p. 1547-60. 

 
Batiste, D.L., et al., Ex vivo characterization of articular cartilage and bone lesions in a 

rabbit ACL transection model of osteoarthritis using MRI and micro-CT. 
Osteoarthritis Cartilage, 2004. 12(12): p. 986-96. 

 
Bauer, D.C., et al., Classification of osteoarthritis biomarkers: a proposed approach. 

Osteoarthritis Cartilage, 2006. 14(8): p. 723-7. 
 
Bayliss, L.E., et al., The effect of patient age at intervention on risk of implant revision 

after total replacement of the hip or knee: a population-based cohort study. 
Lancet, 2017. 389(10077): p. 1424-1430. 

 
Bekkers, J.E., et al., Diagnostic Modalities for Diseased Articular Cartilage-From Defect 

to Degeneration: A Review. Cartilage, 2010. 1(3): p. 157-64. 
 
Bellido, M., et al., Subchondral bone microstructural damage by increased remodelling 

aggravates experimental osteoarthritis preceded by osteoporosis. Arthritis Res 
Ther, 2010. 12(4): p. R152. 

 
Benito, M.J., et al., Synovial tissue inflammation in early and late osteoarthritis. Ann 

Rheum Dis, 2005. 64(9): p. 1263-7. 
 
Benjamini, Y., et al., Controlling the false discovery rate in behavior genetics research. 

Behav Brain Res, 2001. 125(1-2): p. 279-84. 
 
Bennell, K.L., F. Dobson, and R.S. Hinman, Exercise in osteoarthritis: moving from 

prescription to adherence. Best Pract Res Clin Rheumatol, 2014. 28(1): p. 93-
117. 

 
Bennell, K.L., et al., Efficacy of physiotherapy management of knee joint osteoarthritis: a 

randomised, double blind, placebo controlled trial. Ann Rheum Dis, 2005. 64(6): 
p. 906-12. 

 



 
 

305 

 

Benton, P.H., et al., An Interactive Cluster Heat Map to Visualize and Explore 
Multidimensional Metabolomic Data. Metabolomics, 2015. 11(4): p. 1029-1034. 

 
Bettica, P., et al., Evidence for increased bone resorption in patients with progressive 

knee osteoarthritis: longitudinal results from the Chingford study. Arthritis 
Rheum, 2002. 46(12): p. 3178-84. 

 
Bhandari, M., et al., Clinical and economic burden of revision knee arthroplasty. Clin 

Med Insights Arthritis Musculoskelet Disord, 2012. 5: p. 89-94. 
 
Bianchi, E., et al., Prophylactic role of acetyl-l-carnitine on knee lesions and associated 

pain in a rat model of osteoarthritis. Life Sci, 2014. 106(1-2): p. 32-9. 
 
Bierma-Zeinstra, S.M. and A.P. Verhagen, Osteoarthritis subpopulations and 

implications for clinical trial design. Arthritis Res Ther, 2011. 13(2): p. 213. 
 
Biniecka, M., et al., Oxidative damage in synovial tissue is associated with in vivo 

hypoxic status in the arthritic joint. Ann Rheum Dis, 2010. 69(6): p. 1172-8. 
 
Blanco, F.J. and C. Ruiz-Romero, Osteoarthritis: Metabolomic characterization of 

metabolic phenotypes in OA. Nat Rev Rheumatol, 2012. 8(3): p. 130-2. 
 
Bougault, C., et al., Dynamic compression of chondrocyte-agarose constructs reveals 

new candidate mechanosensitive genes. PLoS One, 2012. 7(5): p. e36964. 
 
Bradley, R.L., et al., Voluntary exercise improves insulin sensitivity and adipose tissue 

inflammation in diet-induced obese mice. Am J Physiol Endocrinol Metab, 2008. 
295(3): p. E586-94. 

 
Bradley, U., et al., Low-fat versus low-carbohydrate weight reduction diets: effects on 

weight loss, insulin resistance, and cardiovascular risk: a randomized control 
trial. Diabetes, 2009. 58(12): p. 2741-8. 

 
Brandt, K.D., The role of analgesics in the management of osteoarthritis pain. Am J 

Ther, 2000. 7(2): p. 75-90. 
 
Brandt, K.D., et al., Osteoarthritic changes in canine articular cartilage, subchondral 

bone, and synovium fifty-four months after transection of the anterior cruciate 
ligament. Arthritis Rheum, 1991. 34(12): p. 1560-70. 

 
Brasier, A.R., Expanding role of cyclin dependent kinases in cytokine inducible gene 

expression. Cell cycle, 2008. 7(17): p. 2661-6. 
 



 
 

306 

 

Braun, H.J. and G.E. Gold, Diagnosis of osteoarthritis: imaging. Bone, 2012. 51(2): p. 
278-88. 

 
Brown, T.D., et al., Posttraumatic osteoarthritis: a first estimate of incidence, 

prevalence, and burden of disease. J Orthop Trauma, 2006. 20(10): p. 739-44. 
 
Brunner, A.M., et al., High dietary fat and the development of osteoarthritis in a rabbit 

model. Osteoarthritis Cartilage, 2012. 20(6): p. 584-92. 
 
Buckwalter, J.A. and H.J. Mankin, Articular cartilage: tissue design and chondrocyte-

matrix interactions. Instr Course Lect, 1998. 47: p. 477-86. 
 
Burr, D.B. and M.A. Gallant, Bone remodelling in osteoarthritis. Nat Rev Rheumatol, 

2012. 8(11): p. 665-73. 
 
Busso, N., et al., Pharmacological inhibition of nicotinamide 

phosphoribosyltransferase/visfatin enzymatic activity identifies a new 
inflammatory pathway linked to NAD. PLoS One, 2008. 3(5): p. e2267. 

 
Callahan, L.F. and K.R. Ambrose, Physical activity and osteoarthritis - considerations at 

the population and clinical level. Osteoarthritis Cartilage, 2015. 23(1): p. 31-3. 
 
Canto, C., K.J. Menzies, and J. Auwerx, NAD(+) Metabolism and the Control of Energy 

Homeostasis: A Balancing Act between Mitochondria and the Nucleus. Cell 
Metab, 2015. 22(1): p. 31-53. 

 
Carlson, A.K., et al., Application of global metabolomic profiling of synovial fluid for 

osteoarthritis biomarkers. Biochem Biophys Res Commun, 2018. 
 
Castaneda, S., et al., Osteoarthritis: a progressive disease with changing phenotypes. 

Rheumatology (Oxford), 2014. 53(1): p. 1-3. 
 
Caterson, B., et al., Modulation of native chondroitin sulphate structure in tissue 

development and in disease. J Cell Sci, 1990. 97 ( Pt 3): p. 411-7. 
 
Catterall, J.B., et al., Changes in serum and synovial fluid biomarkers after acute injury 

(NCT00332254). Arthritis Research & Therapy, 2010. 12(6): p. R229. 
 
Cavill, R., et al., Consensus-phenotype integration of transcriptomic and metabolomic 

data implies a role for metabolism in the chemosensitivity of tumour cells. PLoS 
Comput Biol, 2011. 7(3): p. e1001113. 

 



 
 

307 

 

Cecil, D.L., et al., The pattern recognition receptor CD36 is a chondrocyte hypertrophy 
marker associated with suppression of catabolic responses and promotion of 
repair responses to inflammatory stimuli. J Immunol, 2009. 182(8): p. 5024-31. 

 
Chambers, M.C., et al., A cross-platform toolkit for mass spectrometry and proteomics. 

Nat Biotechnol, 2012. 30(10): p. 918-20. 
 
Charlier, E., et al., Insights on Molecular Mechanisms of Chondrocytes Death in 

Osteoarthritis. Int J Mol Sci, 2016. 17(12). 
 
Chen, R., et al., Transcription inhibition by flavopiridol: mechanism of chronic 

lymphocytic leukemia cell death. Blood, 2005. 106(7): p. 2513-9. 
 
Chen, R., et al., Brd4 and HEXIM1: multiple roles in P-TEFb regulation and cancer. 

Biomed Res Int, 2014. 2014: p. 232870. 
 
Chiang, E.P., et al., Plasma pyridoxal 5'-phosphate concentration is correlated with 

functional vitamin B-6 indices in patients with rheumatoid arthritis and marginal 
vitamin B-6 status. J Nutr, 2003. 133(4): p. 1056-9. 

 
Chiang, E.P., et al., Pyridoxine supplementation corrects vitamin B6 deficiency but does 

not improve inflammation in patients with rheumatoid arthritis. Arthritis Res 
Ther, 2005. 7(6): p. R1404-11. 

 
Chiang, E.P., et al., Inflammation causes tissue-specific depletion of vitamin B6. Arthritis 

Res Ther, 2005. 7(6): p. R1254-62. 
 
Choi, J.B., et al., Zonal changes in the three-dimensional morphology of the chondron 

under compression: the relationship among cellular, pericellular, and 
extracellular deformation in articular cartilage. J Biomech, 2007. 40(12): p. 
2596-603. 

 
Chowdhury, T.T., et al., Dynamic compression counteracts IL-1beta induced inducible 

nitric oxide synthase and cyclo-oxygenase-2 expression in chondrocyte/agarose 
constructs. Arthritis Res Ther, 2008. 10(2): p. R35. 

 
Christiansen, B.A., et al., Musculoskeletal changes following non-invasive knee injury 

using a novel mouse model of post-traumatic osteoarthritis. Osteoarthritis 
Cartilage, 2012. 20(7): p. 773-82. 

 
Christiansen, T., et al., Weight loss maintenance in severely obese adults after an 

intensive lifestyle intervention: 2- to 4-year follow-up. Obesity (Silver Spring), 
2007. 15(2): p. 413-20. 

 



 
 

308 

 

Christie, A. and R.H. Moe, Aerobic walking and strengthening exercises have similar 
effectiveness for knee osteoarthritis. Aust J Physiother, 2005. 51(3): p. 193. 

 
Christodoulou, S., et al., Vitamin D and bone disease. Biomed Res Int, 2013. 2013: p. 

396541. 
 
Cisternas, M.G., et al., Alternative Methods for Defining Osteoarthritis and the Impact on 

Estimating Prevalence in a US Population-Based Survey. Arthritis Care Res 
(Hoboken), 2016. 68(5): p. 574-80. 

 
Clayton, R.A. and C.M. Court-Brown, The epidemiology of musculoskeletal tendinous 

and ligamentous injuries. Injury, 2008. 39(12): p. 1338-44. 
 
Clegg, D.O., et al., Glucosamine, chondroitin sulfate, and the two in combination for 

painful knee osteoarthritis. N Engl J Med, 2006. 354(8): p. 795-808. 
 
Coleman, M.C., et al., Injurious Loading of Articular Cartilage Compromises 

Chondrocyte Respiratory Function. Arthritis Rheumatol, 2016. 68(3): p. 662-71. 
 
Collins, J.A., et al., Oxygen and pH-sensitivity of human osteoarthritic chondrocytes in 3-

D alginate bead culture system. Osteoarthritis Cartilage, 2013. 21(11): p. 1790-8. 
 
Collins, J.E., et al., Trajectories and risk profiles of pain in persons with radiographic, 

symptomatic knee osteoarthritis: data from the osteoarthritis initiative. 
Osteoarthritis Cartilage, 2014. 22(5): p. 622-30. 

 
Cowman, M.K., et al., Viscoelastic Properties of Hyaluronan in Physiological 

Conditions. F1000Res, 2015. 4: p. 622. 
 
Croft, P., et al., Osteoarthritis of the hip: an occupational disease in farmers. BMJ, 1992. 

304(6837): p. 1269-72. 
 
D'Lima, D., et al., Caspase inhibitors reduce severity of cartilage lesions in experimental 

osteoarthritis. Arthritis Rheum, 2006. 54(6): p. 1814-21. 
 
Damyanovich, A.Z., J.R. Staples, and K.W. Marshall, 1H NMR investigation of changes 

in the metabolic profile of synovial fluid in bilateral canine osteoarthritis with 
unilateral joint denervation. Osteoarthritis Cartilage, 1999. 7(2): p. 165-72. 

 
Das, R.H., et al., In vitro expansion affects the response of chondrocytes to mechanical 

stimulation. Osteoarthritis Cartilage, 2008. 16(3): p. 385-91. 
 



 
 

309 

 

De Croos, J.N., et al., Membrane type-1 matrix metalloproteinase is induced following 
cyclic compression of in vitro grown bovine chondrocytes. Osteoarthritis 
Cartilage, 2007. 15(11): p. 1301-10. 

 
De Gruttola, V.G., et al., Considerations in the evaluation of surrogate endpoints in 

clinical trials. summary of a National Institutes of Health workshop. Control Clin 
Trials, 2001. 22(5): p. 485-502. 

 
Deda, O., et al., Impact of Exercise and Aging on Rat Urine and Blood Metabolome. An 

LC-MS Based Metabolomics Longitudinal Study. Metabolites, 2017. 7(1). 
 
Del Carlo, M., Jr. and R.F. Loeser, Cell death in osteoarthritis. Curr Rheumatol Rep, 

2008. 10(1): p. 37-42. 
 
Deshpande, B.R., et al., Number of Persons With Symptomatic Knee Osteoarthritis in the 

US: Impact of Race and Ethnicity, Age, Sex, and Obesity. Arthritis Care Res 
(Hoboken), 2016. 68(12): p. 1743-1750. 

 
Deveza, L.A., et al., Knee osteoarthritis phenotypes and their relevance for outcomes: a 

systematic review. Osteoarthritis Cartilage, 2017. 25(12): p. 1926-1941. 
 
Di Palma, F., et al., Physiological strains remodel extracellular matrix and cell-cell 

adhesion in osteoblastic cells cultured on alumina-coated titanium alloy. 
Biomaterials, 2004. 25(13): p. 2565-75. 

 
Ding, M., et al., Age-related variations in the microstructure of human tibial cancellous 

bone. J Orthop Res, 2002. 20(3): p. 615-21. 
 
Disease, G.B.D., I. Injury, and C. Prevalence, Global, regional, and national incidence, 

prevalence, and years lived with disability for 328 diseases and injuries for 195 
countries, 1990-2016: a systematic analysis for the Global Burden of Disease 
Study 2016. Lancet, 2017. 390(10100): p. 1211-1259. 

 
Ea, H.K., et al., Articular cartilage calcification in osteoarthritis: insights into crystal-

induced stress. Arthritis Rheum, 2011. 63(1): p. 10-8. 
 
Eckstein, F. and W. Wirth, Quantitative cartilage imaging in knee osteoarthritis. 

Arthritis, 2011. 2011: p. 475684. 
 
Elliott, R.J. and D.L. Gardner, Changes with age in the glycosaminoglycans of human 

articular cartilage. Ann Rheum Dis, 1979. 38(4): p. 371-7. 
 



 
 

310 

 

Elsaid, K.A., et al., Association of articular cartilage degradation and loss of boundary-
lubricating ability of synovial fluid following injury and inflammatory arthritis. 
Arthritis Rheum, 2005. 52(6): p. 1746-55. 

 
Emwas, A.H., The strengths and weaknesses of NMR spectroscopy and mass 

spectrometry with particular focus on metabolomics research. Methods Mol Biol, 
2015. 1277: p. 161-93. 

 
Englund, M., et al., Incidental meniscal findings on knee MRI in middle-aged and elderly 

persons. N Engl J Med, 2008. 359(11): p. 1108-15. 
 
Englund, M., A. Guermazi, and S.L. Lohmander, The role of the meniscus in knee 

osteoarthritis: a cause or consequence? Radiol Clin North Am, 2009. 47(4): p. 
703-12. 

 
Englund, M., et al., Meniscal tear in knees without surgery and the development of 

radiographic osteoarthritis among middle-aged and elderly persons: The 
Multicenter Osteoarthritis Study. Arthritis Rheum, 2009. 60(3): p. 831-9. 

 
Ettinger, W.H., Jr., et al., A randomized trial comparing aerobic exercise and resistance 

exercise with a health education program in older adults with knee osteoarthritis. 
The Fitness Arthritis and Seniors Trial (FAST). JAMA, 1997. 277(1): p. 25-31. 

 
Fahy, E., et al., Update of the LIPID MAPS comprehensive classification system for 

lipids. J Lipid Res, 2009. 50 Suppl: p. S9-14. 
 
Falconer, J., et al., Synovial cell metabolism and chronic inflammation in rheumatoid 

arthritis. Arthritis Rheumatol, 2018. 
 
Fanzani, A., et al., Molecular and cellular mechanisms of skeletal muscle atrophy: an 

update. J Cachexia Sarcopenia Muscle, 2012. 3(3): p. 163-79. 
 
Fattahi, M.J. and A. Mirshafiey, Prostaglandins and rheumatoid arthritis. Arthritis, 2012. 

2012: p. 239310. 
 
Fayfman, M., et al., The relation of plasma homocysteine to radiographic knee 

osteoarthritis. Osteoarthritis Cartilage, 2009. 17(6): p. 766-71. 
 
FDA. About Biomarkers and Qualification. 2018  [cited 2018 May 8]; Available from: 

https://www.fda.gov/Drugs/DevelopmentApprovalProcess/DrugDevelopmentToo
lsQualificationProgram/BiomarkerQualificationProgram/ucm535922.htm. 

 
Felson, D.T., et al., The effect of body weight on progression of knee osteoarthritis is 

dependent on alignment. Arthritis Rheum, 2004. 50(12): p. 3904-9. 



 
 

311 

 

Felson, D.T., et al., Osteoarthritis: new insights. Part 1: the disease and its risk factors. 
Ann Intern Med, 2000. 133(8): p. 635-46. 

 
Felson, D.T., et al., The prevalence of knee osteoarthritis in the elderly. The Framingham 

Osteoarthritis Study. Arthritis Rheum, 1987. 30(8): p. 914-8. 
 
Felson, D.T., et al., Effect of recreational physical activities on the development of knee 

osteoarthritis in older adults of different weights: the Framingham Study. 
Arthritis Rheum, 2007. 57(1): p. 6-12. 

 
Felson, D.T., et al., Weight loss reduces the risk for symptomatic knee osteoarthritis in 

women. The Framingham Study. Ann Intern Med, 1992. 116(7): p. 535-9. 
 
Ferretti, M., et al., Biomechanical signals suppress proinflammatory responses in 

cartilage: early events in experimental antigen-induced arthritis. J Immunol, 
2006. 177(12): p. 8757-66. 

 
Ferretti, M., et al., Anti-inflammatory effects of continuous passive motion on meniscal 

fibrocartilage. J Orthop Res, 2005. 23(5): p. 1165-71. 
 
Finch, C.F., J.L. Kemp, and A.J. Clapperton, The incidence and burden of hospital-

treated sports-related injury in people aged 15+ years in Victoria, Australia, 
2004-2010: a future epidemic of osteoarthritis? Osteoarthritis Cartilage, 2015. 
23(7): p. 1138-43. 

 
Fitzgerald, J.B., et al., Shear- and compression-induced chondrocyte transcription 

requires MAPK activation in cartilage explants. J Biol Chem, 2008. 283(11): p. 
6735-43. 

 
Fleming, B.C., et al., Ligament Injury, Reconstruction and Osteoarthritis. Curr Opin 

Orthop, 2005. 16(5): p. 354-362. 
 
Fowler, T., R. Sen, and A.L. Roy, Regulation of primary response genes. Mol Cell, 2011. 

44(3): p. 348-60. 
 
Fransen, M. and S. McConnell, Exercise for osteoarthritis of the knee. Cochrane 

Database Syst Rev, 2008(4): p. CD004376. 
 
Frost, H.M., Bone "mass" and the "mechanostat": a proposal. Anat Rec, 1987. 219(1): p. 

1-9. 
 
Fukusaki, E., Application of Metabolomics for High Resolution Phenotype Analysis. 

Mass Spectrom (Tokyo), 2014. 3(Spec Iss 3): p. S0045. 
 



 
 

312 

 

Gaffo, A., K.G. Saag, and J.R. Curtis, Treatment of rheumatoid arthritis. Am J Health 
Syst Pharm, 2006. 63(24): p. 2451-65. 

 
Garfinkel, R.J., M.F. Dilisio, and D.K. Agrawal, Vitamin D and Its Effects on Articular 

Cartilage and Osteoarthritis. Orthop J Sports Med, 2017. 5(6): p. 
2325967117711376. 

 
Gassner, R., et al., Cyclic tensile stress exerts antiinflammatory actions on chondrocytes 

by inhibiting inducible nitric oxide synthase. J Immunol, 1999. 163(4): p. 2187-
92. 

 
Gavrila, B.I., C. Ciofu, and V. Stoica, Biomarkers in Rheumatoid Arthritis, what is new? 

J Med Life, 2016. 9(2): p. 144-8. 
 
Gelber, A.C., et al., Joint injury in young adults and risk for subsequent knee and hip 

osteoarthritis. Ann Intern Med, 2000. 133(5): p. 321-8. 
 
Gobezie, R., et al., High abundance synovial fluid proteome: distinct profiles in health 

and osteoarthritis. Arthritis Res Ther, 2007. 9(2): p. R36. 
 
Goldring, M.B. and S.R. Goldring, Articular cartilage and subchondral bone in the 

pathogenesis of osteoarthritis. Ann N Y Acad Sci, 2010. 1192: p. 230-7. 
 
Goldring, M.B. and K.B. Marcu, Cartilage homeostasis in health and rheumatic diseases. 

Arthritis Res Ther, 2009. 11(3): p. 224. 
 
Goldring, M.B. and M. Otero, Inflammation in osteoarthritis. Curr Opin Rheumatol, 

2011. 23(5): p. 471-8. 
 
Grazio, S. and D. Balen, [Obesity: risk factor and predictor of osteoarthritis]. Lijec 

Vjesn, 2009. 131(1-2): p. 22-6. 
 
Griffin, T.M., et al., Diet-induced obesity differentially regulates behavioral, 

biomechanical, and molecular risk factors for osteoarthritis in mice. Arthritis Res 
Ther, 2010. 12(4): p. R130. 

 
Griffin, T.M. and F. Guilak, The role of mechanical loading in the onset and progression 

of osteoarthritis. Exerc Sport Sci Rev, 2005. 33(4): p. 195-200. 
 
Griffin, T.M., et al., Induction of osteoarthritis and metabolic inflammation by a very 

high-fat diet in mice: effects of short-term exercise. Arthritis Rheum, 2012. 64(2): 
p. 443-53. 

 



 
 

313 

 

Grimmer, C., et al., Regulation of type II collagen synthesis during osteoarthritis by 
prolyl-4-hydroxylases: possible influence of low oxygen levels. Am J Pathol, 
2006. 169(2): p. 491-502. 

 
Guijas, C., et al., METLIN: A Technology Platform for Identifying Knowns and 

Unknowns. Anal Chem, 2018. 90(5): p. 3156-3164. 
 
Guilak, F., Biomechanical factors in osteoarthritis. Best Pract Res Clin Rheumatol, 2011. 

25(6): p. 815-23. 
 
Guilak, F., The deformation behavior and viscoelastic properties of chondrocytes in 

articular cartilage. Biorheology, 2000. 37(1-2): p. 27-44. 
 
Guma, M., S. Tiziani, and G.S. Firestein, Metabolomics in rheumatic diseases: 

desperately seeking biomarkers. Nat Rev Rheumatol, 2016. 12(5): p. 269-81. 
 
Hadler, N.M., et al., Hand structure and function in an industrial setting. Arthritis 

Rheum, 1978. 21(2): p. 210-20. 
 
Hanna, F.S., et al., Osteoarthritis and the postmenopausal woman: Epidemiological, 

magnetic resonance imaging, and radiological findings. Semin Arthritis Rheum, 
2004. 34(3): p. 631-6. 

 
Hansen, P., M. English, and S.E. Willick, Does running cause osteoarthritis in the hip or 

knee? PM R, 2012. 4(5 Suppl): p. S117-21. 
 
Hargreaves, D.C., T. Horng, and R. Medzhitov, Control of inducible gene expression by 

signal-dependent transcriptional elongation. Cell, 2009. 138(1): p. 129-45. 
 
Hasegawa, S., et al., Effect of early implementation of electrical muscle stimulation to 

prevent muscle atrophy and weakness in patients after anterior cruciate ligament 
reconstruction. J Electromyogr Kinesiol, 2011. 21(4): p. 622-30. 

 
Haudenschild, D.R., et al., Rho kinase-dependent activation of SOX9 in chondrocytes. 

Arthritis Rheum, 2010. 62(1): p. 191-200. 
 
Hayashi, D., F.W. Roemer, and A. Guermazi, Imaging for osteoarthritis. Ann Phys 

Rehabil Med, 2016. 59(3): p. 161-9. 
 
Helmark, I.C., et al., Exercise increases interleukin-10 levels both intraarticularly and 

peri-synovially in patients with knee osteoarthritis: a randomized controlled trial. 
Arthritis Res Ther, 2010. 12(4): p. R126. 

 



 
 

314 

 

Henrotin, Y., L. Pesesse, and C. Sanchez, Subchondral bone and osteoarthritis: 
biological and cellular aspects. Osteoporos Int, 2012. 23 Suppl 8: p. S847-51. 

 
Henrotin, Y., et al., Soluble biomarkers development in osteoarthritis: from discovery to 

personalized medicine. Biomarkers, 2015. 20(8): p. 540-6. 
 
Hermansson, M., K. Hokynar, and P. Somerharju, Mechanisms of glycerophospholipid 

homeostasis in mammalian cells. Prog Lipid Res, 2011. 50(3): p. 240-57. 
 
Hill, C.L., et al., Cruciate ligament integrity in osteoarthritis of the knee. Arthritis 

Rheum, 2005. 52(3): p. 794-9. 
 
Hills, B.A., Surface-active phospholipid: a Pandora's box of clinical applications. Part 

II. Barrier and lubricating properties. Internal Medicine Journal, 2002. 32(5-6): 
p. 242-251. 

 
Hills, B.A. and R.W. Crawford, Normal and prosthetic synovial joints are lubricated by 

surface-active phospholipid: a hypothesis. J Arthroplasty, 2003. 18(4): p. 499-
505. 

 
Hitchon, C.A. and H.S. El-Gabalawy, Oxidation in rheumatoid arthritis. Arthritis Res 

Ther, 2004. 6(6): p. 265-78. 
 
Hjertquist, S.O. and R. Lemperg, Identification and concentration of the 

glycosaminoglycans of human articular cartilage in relation to age and 
osteoarthritis. Calcif Tissue Res, 1972. 10(3): p. 223-37. 

 
Hochberg, M.C., et al., American College of Rheumatology 2012 recommendations for 

the use of nonpharmacologic and pharmacologic therapies in osteoarthritis of the 
hand, hip, and knee. Arthritis Care Res (Hoboken), 2012. 64(4): p. 465-74. 

 
Hollywood, K., D.R. Brison, and R. Goodacre, Metabolomics: current technologies and 

future trends. Proteomics, 2006. 6(17): p. 4716-23. 
 
Homandberg, G.A., C. Wen, and F. Hui, Cartilage damaging activities of fibronectin 

fragments derived from cartilage and synovial fluid. Osteoarthritis Cartilage, 
1998. 6(4): p. 231-44. 

 
Hootman, J.M., et al., Physical activity levels among the general US adult population and 

in adults with and without arthritis. Arthritis Rheum, 2003. 49(1): p. 129-35. 
 
Hosea Blewett, H.J., Exploring the mechanisms behind S-adenosylmethionine (SAMe) in 

the treatment of osteoarthritis. Crit Rev Food Sci Nutr, 2008. 48(5): p. 458-63. 
 



 
 

315 

 

Hosseininia, S., L.R. Lindberg, and L.E. Dahlberg, Cartilage collagen damage in hip 
osteoarthritis similar to that seen in knee osteoarthritis; a case-control study of 
relationship between collagen, glycosaminoglycan and cartilage swelling. BMC 
Musculoskelet Disord, 2013. 14: p. 18. 

 
Huang, S.C., et al., Vitamin B(6) supplementation improves pro-inflammatory responses 

in patients with rheumatoid arthritis. Eur J Clin Nutr, 2010. 64(9): p. 1007-13. 
 
Hugle, T., et al., Synovial fluid metabolomics in different forms of arthritis assessed by 

nuclear magnetic resonance spectroscopy. Clin Exp Rheumatol, 2012. 30(2): p. 
240-5. 

 
Hunter, D.J. and F. Eckstein, Exercise and osteoarthritis. J Anat, 2009. 214(2): p. 197-

207. 
 
Hunter, D.J. and A. Guermazi, Imaging techniques in osteoarthritis. PM R, 2012. 4(5 

Suppl): p. S68-74. 
 
Hunter, D.J. and C.B. Little, The great debate: Should Osteoarthritis Research Focus on 

"Mice" or "Men"? Osteoarthritis Cartilage, 2016. 24(1): p. 4-8. 
 
Hunter, D.J., J.J. McDougall, and F.J. Keefe, The symptoms of osteoarthritis and the 

genesis of pain. Med Clin North Am, 2009. 93(1): p. 83-100, xi. 
 
Hunter, D.J., et al., Biomarkers for osteoarthritis: current position and steps towards 

further validation. Best Pract Res Clin Rheumatol, 2014. 28(1): p. 61-71. 
 
Hur, M., et al., A global approach to analysis and interpretation of metabolic data for 

plant natural product discovery. Nat Prod Rep, 2013. 30(4): p. 565-83. 
 
Hurley, B. and I. Reuter, Aging, physical activity, and disease prevention. J Aging Res, 

2011. 2011: p. 782546. 
 
Hwang, H.S. and H.A. Kim, Chondrocyte Apoptosis in the Pathogenesis of 

Osteoarthritis. Int J Mol Sci, 2015. 16(11): p. 26035-54. 
 
Iagnocco, A., et al., The interobserver reliability of ultrasound in knee osteoarthritis. 

Rheumatology (Oxford), 2012. 51(11): p. 2013-9. 
 
Imoto, A.M., M.S. Peccin, and V.F. Trevisani, Quadriceps strengthening exercises are 

effective in improving pain, function and quality of life in patients with 
osteoarthritis of the knee. Acta Ortop Bras, 2012. 20(3): p. 174-9. 

 



 
 

316 

 

Ingram, K.R., et al., Cyclic movement stimulates hyaluronan secretion into the synovial 
cavity of rabbit joints. J Physiol, 2008. 586(6): p. 1715-29. 

 
Intema, F., et al., In early OA, thinning of the subchondral plate is directly related to 

cartilage damage: results from a canine ACLT-meniscectomy model. 
Osteoarthritis Cartilage, 2010. 18(5): p. 691-8. 

 
Issa, R.I. and T.M. Griffin, Pathobiology of obesity and osteoarthritis: integrating 

biomechanics and inflammation. Pathobiol Aging Age Relat Dis, 2012. 2(2012). 
 
Ivers, N., I.A. Dhalla, and G.M. Allan, Opioids for osteoarthritis pain: benefits and risks. 

Can Fam Physician, 2012. 58(12): p. e708. 
 
Jaalouk, D.E. and J. Lammerding, Mechanotransduction gone awry. Nat Rev Mol Cell 

Biol, 2009. 10(1): p. 63-73. 
 
Jacobs, P., R. Bissonnette, and L.C. Guenther, Socioeconomic burden of immune-

mediated inflammatory diseases--focusing on work productivity and disability. J 
Rheumatol Suppl, 2011. 88: p. 55-61. 

 
Jay, G.D., Characterization of a bovine synovial fluid lubricating factor. I. Chemical, 

surface activity and lubricating properties. Connect Tissue Res, 1992. 28(1-2): p. 
71-88. 

 
Jay, G.D. and B.S. Hong, Characterization of a bovine synovial fluid lubricating factor. 

II. Comparison with purified ocular and salivary mucin. Connect Tissue Res, 
1992. 28(1-2): p. 89-98. 

 
Jay, G.D., B.P. Lane, and L. Sokoloff, Characterization of a bovine synovial fluid 

lubricating factor. III. The interaction with hyaluronic acid. Connect Tissue Res, 
1992. 28(4): p. 245-55. 

 
Jay, G.D., et al., The role of lubricin in the mechanical behavior of synovial fluid. Proc 

Natl Acad Sci U S A, 2007. 104(15): p. 6194-9. 
 
Jay, G.D. and K.A. Waller, The biology of lubricin: near frictionless joint motion. Matrix 

Biol, 2014. 39: p. 17-24. 
 
Jiang, L., et al., Body mass index and susceptibility to knee osteoarthritis: a systematic 

review and meta-analysis. Joint Bone Spine, 2012. 79(3): p. 291-7. 
 
Jin, C., et al., NLRP3 inflammasome plays a critical role in the pathogenesis of 

hydroxyapatite-associated arthropathy. Proc Natl Acad Sci U S A, 2011. 108(36): 
p. 14867-72. 



 
 

317 

 

Johnson, V.L. and D.J. Hunter, The epidemiology of osteoarthritis. Best Pract Res Clin 
Rheumatol, 2014. 28(1): p. 5-15. 

 
Jordan, J.M., et al., Prevalence of knee symptoms and radiographic and symptomatic 

knee osteoarthritis in African Americans and Caucasians: the Johnston County 
Osteoarthritis Project. J Rheumatol, 2007. 34(1): p. 172-80. 

 
Jutila, A.A., et al., Candidate mediators of chondrocyte mechanotransduction via 

targeted and untargeted metabolomic measurements. Arch Biochem Biophys, 
2014. 545: p. 116-23. 

 
Karp, J.E., et al., Randomized phase II study of two schedules of flavopiridol given as 

timed sequential therapy with cytosine arabinoside and mitoxantrone for adults 
with newly diagnosed, poor-risk acute myelogenous leukemia. Haematologica, 
2012. 97(11): p. 1736-42. 

 
Karsdal, M.A., et al., OA phenotypes, rather than disease stage, drive structural 

progression--identification of structural progressors from 2 phase III randomized 
clinical studies with symptomatic knee OA. Osteoarthritis Cartilage, 2015. 23(4): 
p. 550-8. 

 
Karsdal, M.A., et al., Disease-modifying treatments for osteoarthritis (DMOADs) of the 

knee and hip: lessons learned from failures and opportunities for the future. 
Osteoarthritis Cartilage, 2016. 24(12): p. 2013-2021. 

 
Katsuragawa, Y., et al., Changes of human menisci in osteoarthritic knee joints. 

Osteoarthritis Cartilage, 2010. 18(9): p. 1133-43. 
 
Kawata, A. and Y. Mikuni-Takagaki, Mechanotransduction in stretched osteocytes--

temporal expression of immediate early and other genes. Biochem Biophys Res 
Commun, 1998. 246(2): p. 404-8. 

 
Kellgren, J.H. and J.S. Lawrence, Radiological assessment of osteo-arthrosis. Ann 

Rheum Dis, 1957. 16(4): p. 494-502. 
 
Kim, S., et al., Metabolite profiles of synovial fluid change with the radiographic severity 

of knee osteoarthritis. Joint Bone Spine, 2017. 84(5): p. 605-610. 
 
Kim, S., et al., Metabolite profiles of synovial fluid change with the radiographic severity 

of knee osteoarthritis. Joint Bone Spine, 2016. 
 
Kim, S., et al., Global metabolite profiling of synovial fluid for the specific diagnosis of 

rheumatoid arthritis from other inflammatory arthritis. PLoS One, 2014. 9(6): p. 
e97501. 



 
 

318 

 

Klein-Nulend, J., et al., Pulsating fluid flow increases nitric oxide (NO) synthesis by 
osteocytes but not periosteal fibroblasts--correlation with prostaglandin 
upregulation. Biochem Biophys Res Commun, 1995. 217(2): p. 640-8. 

 
Kosinska, M.K., et al., A lipidomic study of phospholipid classes and species in human 

synovial fluid. Arthritis Rheum, 2013. 65(9): p. 2323-33. 
 
Kosinska, M.K., et al., Sphingolipids in Human Synovial Fluid - A Lipidomic Study. Plos 

One, 2014. 9(3). 
 
Kosinska, M.K., et al., Articular Joint Lubricants during Osteoarthritis and Rheumatoid 

Arthritis Display Altered Levels and Molecular Species. PLoS One, 2015. 10(5): 
p. e0125192. 

 
Kramer, W.C., K.J. Hendricks, and J. Wang, Pathogenetic mechanisms of posttraumatic 

osteoarthritis: opportunities for early intervention. Int J Clin Exp Med, 2011. 
4(4): p. 285-98. 

 
Krasnokutsky, S., et al., Quantitative magnetic resonance imaging evidence of synovial 

proliferation is associated with radiographic severity of knee osteoarthritis. 
Arthritis Rheum, 2011. 63(10): p. 2983-91. 

 
Kraus, V.B., et al., Application of biomarkers in the development of drugs intended for 

the treatment of osteoarthritis. Osteoarthritis and Cartilage, 2011. 19(5): p. 515-
542. 

 
Kuhns, D.B., D.A. Priel, and J.I. Gallin, Induction of human monocyte interleukin (IL)-8 

by fibrinogen through the toll-like receptor pathway. Inflammation, 2007. 30(5): 
p. 178-88. 

 
Kujala, U.M., et al., Knee osteoarthritis in former runners, soccer players, weight lifters, 

and shooters. Arthritis Rheum, 1995. 38(4): p. 539-46. 
 
Kulkarni, K., et al., Obesity and osteoarthritis. Maturitas, 2016. 89: p. 22-8. 
 
Lajeunesse, D. and P. Reboul, Subchondral bone in osteoarthritis: a biologic link with 

articular cartilage leading to abnormal remodeling. Curr Opin Rheumatol, 2003. 
15(5): p. 628-33. 

 
Lamers, R.J., et al., Identification of an urinary metabolite profile associated with 

osteoarthritis. Osteoarthritis Cartilage, 2005. 13(9): p. 762-8. 
 
Laufer, S., Role of eicosanoids in structural degradation in osteoarthritis. Curr Opin 

Rheumatol, 2003. 15(5): p. 623-7. 



 
 

319 

 

Lauridsen, M.B., et al., 1H NMR spectroscopy-based interventional metabolic 
phenotyping: a cohort study of rheumatoid arthritis patients. J Proteome Res, 
2010. 9(9): p. 4545-53. 

 
Lee, B.J., et al., Effects of coenzyme Q10 supplementation (300 mg/day) on antioxidation 

and anti-inflammation in coronary artery disease patients during statins therapy: 
a randomized, placebo-controlled trial. Nutr J, 2013. 12(1): p. 142. 

 
Leong, D.J., et al., Matrix metalloproteinase-3 in articular cartilage is upregulated by 

joint immobilization and suppressed by passive joint motion. Matrix Biol, 2010. 
29(5): p. 420-6. 

 
Leong, D.J., et al., Mechanotransduction and cartilage integrity. Ann N Y Acad Sci, 

2011. 1240: p. 32-7. 
 
Lepetsos, P. and A.G. Papavassiliou, ROS/oxidative stress signaling in osteoarthritis. 

Biochim Biophys Acta, 2016. 1862(4): p. 576-591. 
 
Levick, J.R., Hypoxia and acidosis in chronic inflammatory arthritis; relation to vascular 

supply and dynamic effusion pressure. J Rheumatol, 1990. 17(5): p. 579-82. 
 
Li, G., et al., Subchondral bone in osteoarthritis: insight into risk factors and 

microstructural changes. Arthritis Res Ther, 2013. 15(6): p. 223. 
 
Li, S., et al., Predicting network activity from high throughput metabolomics. PLoS 

Comput Biol, 2013. 9(7): p. e1003123. 
 
Li, Y., et al., The age-related changes in cartilage and osteoarthritis. Biomed Res Int, 

2013. 2013: p. 916530. 
 
Liao, W., et al., Proteomic analysis of synovial fluid as an analytical tool to detect 

candidate biomarkers for knee osteoarthritis. Int J Clin Exp Pathol, 2015. 8(9): p. 
9975-89. 

 
Lieberthal, J., N. Sambamurthy, and C.R. Scanzello, Inflammation in joint injury and 

post-traumatic osteoarthritis. Osteoarthritis Cartilage, 2015. 23(11): p. 1825-34. 
 
Liedert, A., et al., Mechanobiology of Bone Tissue and Bone Cells, in Mechanosensitivity 

in Cells and Tissues, A. Kamkin and I. Kiseleva, Editors. 2005: Moscow. 
 
Liu, F., et al., In vivo tibiofemoral cartilage deformation during the stance phase of gait. 

J Biomech, 2010. 43(4): p. 658-65. 
 



 
 

320 

 

Liu-Bryan, R., et al., TLR2 signaling in chondrocytes drives calcium pyrophosphate 
dihydrate and monosodium urate crystal-induced nitric oxide generation. J 
Immunol, 2005. 174(8): p. 5016-23. 

 
Liu-Bryan, R. and R. Terkeltaub, The growing array of innate inflammatory ignition 

switches in osteoarthritis. Arthritis Rheum, 2012. 64(7): p. 2055-8. 
 
Loeser, R.F., Aging processes and the development of osteoarthritis. Curr Opin 

Rheumatol, 2013. 25(1): p. 108-13. 
 
Loeser, R.F., et al., Aging and oxidative stress reduce the response of human articular 

chondrocytes to insulin-like growth factor 1 and osteogenic protein 1. Arthritis 
Rheumatol, 2014. 66(8): p. 2201-9. 

 
Loeser, R.F., et al., Osteoarthritis: a disease of the joint as an organ. Arthritis Rheum, 

2012. 64(6): p. 1697-707. 
 
Loeser, R.F., et al., Association of urinary metabolites with radiographic progression of 

knee osteoarthritis in overweight and obese adults: an exploratory study. 
Osteoarthritis Cartilage, 2016. 24(8): p. 1479-86. 

 
Lohmander, L.S., et al., The long-term consequence of anterior cruciate ligament and 

meniscus injuries: osteoarthritis. Am J Sports Med, 2007. 35(10): p. 1756-69. 
 
Lohmander, L.S., et al., Incidence of severe knee and hip osteoarthritis in relation to 

different measures of body mass: a population-based prospective cohort study. 
Ann Rheum Dis, 2009. 68(4): p. 490-6. 

 
Lohmander, L.S., P.J. Neame, and J.D. Sandy, The structure of aggrecan fragments in 

human synovial fluid. Evidence that aggrecanase mediates cartilage degradation 
in inflammatory joint disease, joint injury, and osteoarthritis. Arthritis Rheum, 
1993. 36(9): p. 1214-22. 

 
Lohmander, L.S., et al., High prevalence of knee osteoarthritis, pain, and functional 

limitations in female soccer players twelve years after anterior cruciate ligament 
injury. Arthritis Rheum, 2004. 50(10): p. 3145-52. 

 
Lonsdale, D., A review of the biochemistry, metabolism and clinical benefits of thiamin(e) 

and its derivatives. Evid Based Complement Alternat Med, 2006. 3(1): p. 49-59. 
 
Losina, E., et al., Lifetime medical costs of knee osteoarthritis management in the United 

States: impact of extending indications for total knee arthroplasty. Arthritis Care 
Res (Hoboken), 2015. 67(2): p. 203-15. 

 



 
 

321 

 

Lotz, M. and R.F. Loeser, Effects of aging on articular cartilage homeostasis. Bone, 
2012. 51(2): p. 241-8. 

 
Lotz, M., et al., Value of biomarkers in osteoarthritis: current status and perspectives. 

Postgraduate Medical Journal, 2014. 90(1061): p. 171-178. 
 
Lotz, M.K., New developments in osteoarthritis. Posttraumatic osteoarthritis: 

pathogenesis and pharmacological treatment options. Arthritis Res Ther, 2010. 
12(3): p. 211. 

 
Louboutin, H., et al., Osteoarthritis in patients with anterior cruciate ligament rupture: a 

review of risk factors. Knee, 2009. 16(4): p. 239-44. 
 
Lowin, T., et al., Cortisol-mediated adhesion of synovial fibroblasts is dependent on the 

degradation of anandamide and activation of the endocannabinoid system. 
Arthritis Rheum, 2012. 64(12): p. 3867-76. 

 
Lubberts, E., et al., Intra-articular IL-10 gene transfer regulates the expression of 

collagen-induced arthritis (CIA) in the knee and ipsilateral paw. Clin Exp 
Immunol, 2000. 120(2): p. 375-83. 

 
Ludwig, T.E., et al., Diminished cartilage-lubricating ability of human osteoarthritic 

synovial fluid deficient in proteoglycan 4: Restoration through proteoglycan 4 
supplementation. Arthritis Rheum, 2012. 64(12): p. 3963-71. 

 
Lun, V., et al., Efficacy of Hip Strengthening Exercises Compared With Leg 

Strengthening Exercises on Knee Pain, Function, and Quality of Life in Patients 
With Knee Osteoarthritis. Clin J Sport Med, 2015. 25(6): p. 509-17. 

 
Ma, V.Y., L. Chan, and K.J. Carruthers, Incidence, prevalence, costs, and impact on 

disability of common conditions requiring rehabilitation in the United States: 
stroke, spinal cord injury, traumatic brain injury, multiple sclerosis, 
osteoarthritis, rheumatoid arthritis, limb loss, and back pain. Arch Phys Med 
Rehabil, 2014. 95(5): p. 986-995 e1. 

 
Madhavan, S., et al., Biomechanical signals exert sustained attenuation of 

proinflammatory gene induction in articular chondrocytes. Osteoarthritis 
Cartilage, 2006. 14(10): p. 1023-32. 

 
Madsen, R.K., et al., Diagnostic properties of metabolic perturbations in rheumatoid 

arthritis. Arthritis Res Ther, 2011. 13(1): p. R19. 
 
Maiese, K., Picking a bone with WISP1 (CCN4): new strategies against degenerative 

joint disease. J Transl Sci, 2016. 1(3): p. 83-85. 



 
 

322 

 

Mandrekar, J.N., Receiver operating characteristic curve in diagnostic test assessment. J 
Thorac Oncol, 2010. 5(9): p. 1315-6. 

 
Maneesh, M., et al., Evidence for oxidative stress in osteoarthritis. Indian J Clin 

Biochem, 2005. 20(1): p. 129-30. 
 
Mathiessen, A. and P.G. Conaghan, Synovitis in osteoarthritis: current understanding 

with therapeutic implications. Arthritis Res Ther, 2017. 19(1): p. 18. 
 
Matsuhashi, T., et al., Alteration of N-glycans related to articular cartilage deterioration 

after anterior cruciate ligament transection in rabbits. Osteoarthritis Cartilage, 
2008. 16(7): p. 772-8. 

 
Mazzucco, D., R. Scott, and M. Spector, Composition of joint fluid in patients 

undergoing total knee replacement and revision arthroplasty: correlation with 
flow properties. Biomaterials, 2004. 25(18): p. 4433-45. 

 
McAlindon, T.E., et al., Level of physical activity and the risk of radiographic and 

symptomatic knee osteoarthritis in the elderly: the Framingham study. Am J Med, 
1999. 106(2): p. 151-7. 

 
McCutchen, C.N., D.L. Zignego, and R.K. June, Metabolic responses induced by 

compression of chondrocytes in variable-stiffness microenvironments. J Biomech, 
2017. 64: p. 49-58. 

 
Melrose, J., et al., Fragmentation of decorin, biglycan, lumican and keratocan is elevated 

in degenerate human meniscus, knee and hip articular cartilages compared with 
age-matched macroscopically normal and control tissues. Arthritis Res Ther, 
2008. 10(4): p. R79. 

 
Messier, S.P., et al., The Intensive Diet and Exercise for Arthritis (IDEA) trial: design 

and rationale. BMC Musculoskelet Disord, 2009. 10: p. 93. 
 
Messier, S.P., et al., Exercise and dietary weight loss in overweight and obese older 

adults with knee osteoarthritis: the Arthritis, Diet, and Activity Promotion Trial. 
Arthritis Rheum, 2004. 50(5): p. 1501-10. 

 
Meulenbelt, I., et al., Summary of the OA biomarkers workshop 2010 - genetics and 

genomics: new targets in OA. Osteoarthritis Cartilage, 2011. 19(9): p. 1091-4. 
 
Meyer, E.G., et al., Tibiofemoral contact pressures and osteochondral microtrauma 

during anterior cruciate ligament rupture due to excessive compressive loading 
and internal torque of the human knee. Am J Sports Med, 2008. 36(10): p. 1966-
77. 



 
 

323 

 

Mickiewicz, B., et al., Metabolic profiling of synovial fluid in a unilateral ovine model of 
anterior cruciate ligament reconstruction of the knee suggests biomarkers for 
early osteoarthritis. J Orthop Res, 2015. 33(1): p. 71-7. 

 
Mickiewicz, B., et al., Metabolic analysis of knee synovial fluid as a potential diagnostic 

approach for osteoarthritis. Journal of Orthopaedic Research, 2015. 33(11): p. 
1631-1638. 

 
Mickiewicz, B., et al., Metabolic analysis of knee synovial fluid as a potential diagnostic 

approach for osteoarthritis. J Orthop Res, 2015. 33(11): p. 1631-8. 
 
Misra, D., et al., Vitamin K deficiency is associated with incident knee osteoarthritis. Am 

J Med, 2013. 126(3): p. 243-8. 
 
Momberger, T.S., J.R. Levick, and R.M. Mason, Hyaluronan secretion by synoviocytes is 

mechanosensitive. Matrix Biol, 2005. 24(8): p. 510-9. 
 
Monleon, C., et al., Effects of a rhythmic and choreographic program in obese and 

overweight participants. Nutr Hosp, 2014. 30(3): p. 622-8. 
 
Morrell, K.C., et al., Corroboration of in vivo cartilage pressures with implications for 

synovial joint tribology and osteoarthritis causation. Proc Natl Acad Sci U S A, 
2005. 102(41): p. 14819-24. 

 
Mullaji, A.B., et al., Cruciate ligaments in arthritic knees: a histologic study with 

radiologic correlation. J Arthroplasty, 2008. 23(4): p. 567-72. 
 
Munger, J., et al., Systems-level metabolic flux profiling identifies fatty acid synthesis as a 

target for antiviral therapy. Nat Biotechnol, 2008. 26(10): p. 1179-86. 
 
Murad, S., et al., Regulation of collagen synthesis by ascorbic acid. Proc Natl Acad Sci U 

S A, 1981. 78(5): p. 2879-82. 
 
Murray, C.J., et al., Disability-adjusted life years (DALYs) for 291 diseases and injuries 

in 21 regions, 1990-2010: a systematic analysis for the Global Burden of Disease 
Study 2010. Lancet, 2012. 380(9859): p. 2197-223. 

 
Musacchio, E., et al., The impact of knee and hip chondrocalcinosis on disability in older 

people: the ProVA Study from northeastern Italy. Ann Rheum Dis, 2011. 70(11): 
p. 1937-43. 

 
Navarro, A., et al., Beneficial effects of moderate exercise on mice aging: survival, 

behavior, oxidative stress, and mitochondrial electron transfer. Am J Physiol 
Regul Integr Comp Physiol, 2004. 286(3): p. R505-11. 



 
 

324 

 

Nelson, F., et al., Evidence for altered synthesis of type II collagen in patients with 
osteoarthritis. J Clin Invest, 1998. 102(12): p. 2115-25. 

 
Neogi, T., et al., Low vitamin K status is associated with osteoarthritis in the hand and 

knee. Arthritis Rheum, 2006. 54(4): p. 1255-61. 
 
Neogi, T., et al., Subchondral bone attrition may be a reflection of compartment-specific 

mechanical load: the MOST Study. Ann Rheum Dis, 2010. 69(5): p. 841-4. 
 
Nevitt, M.C., et al., The effect of estrogen plus progestin on knee symptoms and related 

disability in postmenopausal women: The Heart and Estrogen/Progestin 
Replacement Study, a randomized, double-blind, placebo-controlled trial. 
Arthritis Rheum, 2001. 44(4): p. 811-8. 

 
Ng, N.T., K.C. Heesch, and W.J. Brown, Strategies for managing osteoarthritis. Int J 

Behav Med, 2012. 19(3): p. 298-307. 
 
Nita, M. and A. Grzybowski, The Role of the Reactive Oxygen Species and Oxidative 

Stress in the Pathomechanism of the Age-Related Ocular Diseases and Other 
Pathologies of the Anterior and Posterior Eye Segments in Adults. Oxid Med Cell 
Longev, 2016. 2016: p. 3164734. 

 
OAAA. Cost of Osteoarthritis. 2017  [cited 2018 May 8]; Available from: 

http://oaaction.unc.edu/policy-solutions/cost-of-osteoarthritis/. 
 
Oak, S.R., et al., Radiographic joint space width is correlated with 4-year clinical 

outcomes in patients with knee osteoarthritis: data from the osteoarthritis 
initiative. Osteoarthritis Cartilage, 2013. 21(9): p. 1185-90. 

 
Oliveria, S.A., et al., Incidence of symptomatic hand, hip, and knee osteoarthritis among 

patients in a health maintenance organization. Arthritis Rheum, 1995. 38(8): p. 
1134-41. 

 
Outerbridge, R.E., The etiology of chondromalacia patellae. J Bone Joint Surg Br, 1961. 

43-B: p. 752-7. 
 
Palazzo, C., et al., Risk factors and burden of osteoarthritis. Ann Phys Rehabil Med, 

2016. 59(3): p. 134-8. 
 
Patra, D. and L.J. Sandell, Evolving biomarkers in osteoarthritis. J Knee Surg, 2011. 

24(4): p. 241-9. 
 
Patti, G.J., O. Yanes, and G. Siuzdak, Innovation: Metabolomics: the apogee of the omics 

trilogy. Nat Rev Mol Cell Biol, 2012. 13(4): p. 263-9. 



 
 

325 

 

Pauli, C., et al., Macroscopic and histopathologic analysis of human knee menisci in 
aging and osteoarthritis. Osteoarthritis Cartilage, 2011. 19(9): p. 1132-41. 

 
Peansukmanee, S., et al., Effects of hypoxia on glucose transport in primary equine 

chondrocytes in vitro and evidence of reduced GLUT1 gene expression in 
pathologic cartilage in vivo. J Orthop Res, 2009. 27(4): p. 529-35. 

 
Pedersen, B.K. and L. Hoffman-Goetz, Exercise and the immune system: regulation, 

integration, and adaptation. Physiol Rev, 2000. 80(3): p. 1055-81. 
 
Pelletier, J.P., et al., In vivo suppression of early experimental osteoarthritis by 

interleukin-1 receptor antagonist using gene therapy. Arthritis Rheum, 1997. 
40(6): p. 1012-9. 

 
Pereira, D., et al., The effect of osteoarthritis definition on prevalence and incidence 

estimates: a systematic review. Osteoarthritis Cartilage, 2011. 19(11): p. 1270-85. 
 
Pessler, F., et al., The synovitis of "non-inflammatory" orthopaedic arthropathies: a 

quantitative histological and immunohistochemical analysis. Ann Rheum Dis, 
2008. 67(8): p. 1184-7. 

 
Petursson, F., et al., Linked decreases in liver kinase B1 and AMP-activated protein 

kinase activity modulate matrix catabolic responses to biomechanical injury in 
chondrocytes. Arthritis Res Ther, 2013. 15(4): p. R77. 

 
Pluskal, T., et al., MZmine 2: modular framework for processing, visualizing, and 

analyzing mass spectrometry-based molecular profile data. BMC Bioinformatics, 
2010. 11: p. 395. 

 
Poulet, B. and F. Beier, Targeting oxidative stress to reduce osteoarthritis. Arthritis Res 

Ther, 2016. 18: p. 32. 
 
Puenpatom, R.A. and T.W. Victor, Increased prevalence of metabolic syndrome in 

individuals with osteoarthritis: an analysis of NHANES III data. Postgrad Med, 
2009. 121(6): p. 9-20. 

 
Punzi, L., et al., Post-traumatic arthritis: overview on pathogenic mechanisms and role 

of inflammation. RMD Open, 2016. 2(2): p. e000279. 
 
Quinonez-Flores, C.M., et al., Oxidative Stress Relevance in the Pathogenesis of the 

Rheumatoid Arthritis: A Systematic Review. Biomed Res Int, 2016. 2016: p. 
6097417. 

 



 
 

326 

 

Regan, E.A., R.P. Bowler, and J.D. Crapo, Joint fluid antioxidants are decreased in 
osteoarthritic joints compared to joints with macroscopically intact cartilage and 
subacute injury. Osteoarthritis Cartilage, 2008. 16(4): p. 515-21. 

 
Reichenbach, S., et al., Meta-analysis: chondroitin for osteoarthritis of the knee or hip. 

Ann Intern Med, 2007. 146(8): p. 580-90. 
 
Remst, D.F., et al., Gene expression analysis of murine and human osteoarthritis 

synovium reveals elevation of transforming growth factor beta-responsive genes 
in osteoarthritis-related fibrosis. Arthritis Rheumatol, 2014. 66(3): p. 647-56. 

 
Richardson, D., et al., Characterisation of the cannabinoid receptor system in synovial 

tissue and fluid in patients with osteoarthritis and rheumatoid arthritis. Arthritis 
Res Ther, 2008. 10(2): p. R43. 

 
Ritter, S.Y., et al., Proteomic analysis of synovial fluid from the osteoarthritic knee: 

comparison with transcriptome analyses of joint tissues. Arthritis Rheum, 2013. 
65(4): p. 981-92. 

 
Roach, G.C., M. Edke, and T.M. Griffin, A novel mouse running wheel that senses 

individual limb forces: biomechanical validation and in vivo testing. J Appl 
Physiol (1985), 2012. 113(4): p. 627-35. 

 
Roddy, E., et al., Evidence-based recommendations for the role of exercise in the 

management of osteoarthritis of the hip or knee--the MOVE consensus. 
Rheumatology (Oxford), 2005. 44(1): p. 67-73. 

 
Roessner, U. and J. Bowne, What is metabolomics all about? Biotechniques, 2009. 46(5): 

p. 363-5. 
 
Rosenberg, J.H., et al., Increased expression of damage-associated molecular patterns 

(DAMPs) in osteoarthritis of human knee joint compared to hip joint. Mol Cell 
Biochem, 2017. 436(1-2): p. 59-69. 

 
Roubenoff, R., et al., Abnormal vitamin B6 status in rheumatoid cachexia. Association 

with spontaneous tumor necrosis factor alpha production and markers of 
inflammation. Arthritis Rheum, 1995. 38(1): p. 105-9. 

 
Ruiz-Romero, C., et al., Proteomic analysis of human osteoarthritic chondrocytes reveals 

protein changes in stress and glycolysis. Proteomics, 2008. 8(3): p. 495-507. 
 
Sabatini, M., et al., Effects of ceramide on apoptosis, proteoglycan degradation, and 

matrix metalloproteinase expression in rabbit articular cartilage. Biochem 
Biophys Res Commun, 2000. 267(1): p. 438-44. 



 
 

327 

 

Salinas, D., et al., Combining Targeted Metabolomic Data with a Model of Glucose 
Metabolism: Toward Progress in Chondrocyte Mechanotransduction. PLoS One, 
2017. 12(1): p. e0168326. 

 
Sandell, L.J., Etiology of osteoarthritis: genetics and synovial joint development. Nat Rev 

Rheumatol, 2012. 8(2): p. 77-89. 
 
Sander, O., Review: S-adenosylmethionine treats osteoarthritis as effectively as 

nonsteroidal anti-inflammatory drugs with fewer adverse effects. ACP J Club, 
2003. 138(1): p. 21. 

 
Sarkioja, T., et al., Stability of plasma total cholesterol, triglycerides, and 

apolipoproteins B and A-I during the early postmortem period. J Forensic Sci, 
1988. 33(6): p. 1432-8. 

 
Scanzello, C.R., et al., Synovial inflammation in patients undergoing arthroscopic 

meniscectomy: molecular characterization and relationship to symptoms. 
Arthritis Rheum, 2011. 63(2): p. 391-400. 

 
Schattner, A., Review: both aerobic and home-based quadriceps strengthening exercises 

reduce pain and disability in knee osteoarthritis. ACP J Club, 2005. 143(3): p. 71. 
 
Schelbergen, R.F., et al., Alarmins S100A8 and S100A9 elicit a catabolic effect in human 

osteoarthritic chondrocytes that is dependent on Toll-like receptor 4. Arthritis 
Rheum, 2012. 64(5): p. 1477-87. 

 
Schurz, J. and V. Ribitsch, Rheology of synovial fluid. Biorheology, 1987. 24(4): p. 385-

99. 
 
Seifer, D.R., et al., Novel synovial fluid recovery method allows for quantification of a 

marker of arthritis in mice. Osteoarthritis Cartilage, 2008. 16(12): p. 1532-8. 
 
Sharkey, P.F., et al., Why are total knee arthroplasties failing today--has anything 

changed after 10 years? J Arthroplasty, 2014. 29(9): p. 1774-8. 
 
Sharma, L., et al., The mechanism of the effect of obesity in knee osteoarthritis: the 

mediating role of malalignment. Arthritis Rheum, 2000. 43(3): p. 568-75. 
 
Shih, M., et al., Physical activity in men and women with arthritis National Health 

Interview Survey, 2002. Am J Prev Med, 2006. 30(5): p. 385-93. 
 
Shinmei, M., et al., Quantitation of chondroitin 4-sulfate and chondroitin 6-sulfate in 

pathologic joint fluid. Arthritis Rheum, 1992. 35(11): p. 1304-8. 
 



 
 

328 

 

Sinusas, K., Osteoarthritis: diagnosis and treatment. Am Fam Physician, 2012. 85(1): p. 
49-56. 

 
Siuzdak, G., The Expanding Role of Mass Spectrometry in Biotechnology. Second ed. 

2006, San Diego, CA: MCC Press. 
 
Skou, S.T., et al., Physical Activity and Exercise Therapy Benefits More Than Just 

Symptoms and Impairments in People With Hip and Knee Osteoarthritis. J Orthop 
Sports Phys Ther, 2018: p. 1-36. 

 
Smiley, S.T., J.A. King, and W.W. Hancock, Fibrinogen stimulates macrophage 

chemokine secretion through toll-like receptor 4. J Immunol, 2001. 167(5): p. 
2887-94. 

 
Soeken, K.L., et al., Safety and efficacy of S-adenosylmethionine (SAMe) for 

osteoarthritis. J Fam Pract, 2002. 51(5): p. 425-30. 
 
Sohn, D.H., et al., Plasma proteins present in osteoarthritic synovial fluid can stimulate 

cytokine production via Toll-like receptor 4. Arthritis Res Ther, 2012. 14(1): p. 
R7. 

 
Sokolove, J. and C.M. Lepus, Role of inflammation in the pathogenesis of osteoarthritis: 

latest findings and interpretations. Ther Adv Musculoskelet Dis, 2013. 5(2): p. 
77-94. 

 
Sokolove, J., et al., Immune complexes containing citrullinated fibrinogen costimulate 

macrophages via Toll-like receptor 4 and Fcgamma receptor. Arthritis Rheum, 
2011. 63(1): p. 53-62. 

 
Solaini, G., et al., Hypoxia and mitochondrial oxidative metabolism. Biochim Biophys 

Acta, 2010. 1797(6-7): p. 1171-7. 
 
Sophia Fox, A.J., A. Bedi, and S.A. Rodeo, The basic science of articular cartilage: 

structure, composition, and function. Sports Health, 2009. 1(6): p. 461-8. 
 
Spector, T.D. and A.J. MacGregor, Risk factors for osteoarthritis: genetics. Osteoarthritis 

Cartilage, 2004. 12 Suppl A: p. S39-44. 
 
Spyropoulou, A., K. Karamesinis, and E.K. Basdra, Mechanotransduction pathways in 

bone pathobiology. Biochim Biophys Acta, 2015. 1852(9): p. 1700-8. 
 
Srikanth, V.K., et al., A meta-analysis of sex differences prevalence, incidence and 

severity of osteoarthritis. Osteoarthritis Cartilage, 2005. 13(9): p. 769-81. 
 



 
 

329 

 

Stein, V., et al., Pattern of joint damage in persons with knee osteoarthritis and 
concomitant ACL tears. Rheumatol Int, 2012. 32(5): p. 1197-208. 

 
Steinberg, J., et al., Integrative epigenomics, transcriptomics and proteomics of patient 

chondrocytes reveal genes and pathways involved in osteoarthritis. Sci Rep, 
2017. 7(1): p. 8935. 

 
Strasser, B., Physical activity in obesity and metabolic syndrome. Ann N Y Acad Sci, 

2013. 1281: p. 141-59. 
 
Sumner, L.W., et al., Proposed minimum reporting standards for chemical analysis 

Chemical Analysis Working Group (CAWG) Metabolomics Standards Initiative 
(MSI). Metabolomics, 2007. 3(3): p. 211-221. 

 
Sutipornpalangkul, W., et al., Lipid peroxidation, glutathione, vitamin E, and antioxidant 

enzymes in synovial fluid from patients with osteoarthritis. Int J Rheum Dis, 2009. 
12(4): p. 324-8. 

 
Tamer, T.M., Hyaluronan and synovial joint: function, distribution and healing. 

Interdiscip Toxicol, 2013. 6(3): p. 111-25. 
 
Taniguchi, N., et al., Aging-related loss of the chromatin protein HMGB2 in articular 

cartilage is linked to reduced cellularity and osteoarthritis. Proc Natl Acad Sci U 
S A, 2009. 106(4): p. 1181-6. 

 
Terkeltaub, R., et al., Chondrocyte AMP-activated protein kinase activity suppresses 

matrix degradation responses to proinflammatory cytokines interleukin-1beta and 
tumor necrosis factor alpha. Arthritis Rheum, 2011. 63(7): p. 1928-37. 

 
Thonar, E.J., et al., Keratan sulfate in body fluids in joint disease. Acta Orthop Scand 

Suppl, 1995. 266: p. 103-6. 
 
Toivanen, A.T., et al., Obesity, physically demanding work and traumatic knee injury are 

major risk factors for knee osteoarthritis--a population-based study with a follow-
up of 22 years. Rheumatology (Oxford), 2010. 49(2): p. 308-14. 

 
Torzilli, P.A., et al., Effect of impact load on articular cartilage: cell metabolism and 

viability, and matrix water content. J Biomech Eng, 1999. 121(5): p. 433-41. 
 
Towheed, T.E., et al., Acetaminophen for osteoarthritis. Cochrane Database Syst Rev, 

2003(2): p. CD004257. 
 
Troeberg, L. and H. Nagase, Proteases involved in cartilage matrix degradation in 

osteoarthritis. Biochim Biophys Acta, 2012. 1824(1): p. 133-45. 



 
 

330 

 

Valdes, A.M., et al., Sex and ethnic differences in the association of ASPN, CALM1, 
COL2A1, COMP, and FRZB with genetic susceptibility to osteoarthritis of the 
knee. Arthritis Rheum, 2007. 56(1): p. 137-46. 

 
van Meurs, J.B., Osteoarthritis year in review 2016: genetics, genomics and epigenetics. 

Osteoarthritis Cartilage, 2017. 25(2): p. 181-189. 
 
van Vollenhoven, R.F., Sex differences in rheumatoid arthritis: more than meets the eye. 

BMC Med, 2009. 7: p. 12. 
 
Vanwanseele, B., et al., Longitudinal analysis of cartilage atrophy in the knees of 

patients with spinal cord injury. Arthritis Rheum, 2003. 48(12): p. 3377-81. 
 
Vanwanseele, B., et al., Knee cartilage of spinal cord-injured patients displays 

progressive thinning in the absence of normal joint loading and movement. 
Arthritis Rheum, 2002. 46(8): p. 2073-8. 

 
Vanwanseele, B., E. Lucchinetti, and E. Stussi, The effects of immobilization on the 

characteristics of articular cartilage: current concepts and future directions. 
Osteoarthritis Cartilage, 2002. 10(5): p. 408-19. 

 
Veenstra, T.D., Metabolomics: the final frontier? Genome Med, 2012. 4(4): p. 40. 
 
Vieira, V.J., et al., Effects of exercise and low-fat diet on adipose tissue inflammation and 

metabolic complications in obese mice. Am J Physiol Endocrinol Metab, 2009. 
296(5): p. E1164-71. 

 
Vincent, H.K., et al., Obesity and weight loss in the treatment and prevention of 

osteoarthritis. PM R, 2012. 4(5 Suppl): p. S59-67. 
 
von Porat, A., E.M. Roos, and H. Roos, High prevalence of osteoarthritis 14 years after 

an anterior cruciate ligament tear in male soccer players: a study of radiographic 
and patient relevant outcomes. Ann Rheum Dis, 2004. 63(3): p. 269-73. 

 
Wagner, J.A., S.A. Williams, and C.J. Webster, Biomarkers and surrogate end points for 

fit-for-purpose development and regulatory evaluation of new drugs. Clin 
Pharmacol Ther, 2007. 81(1): p. 104-7. 

 
Walsh, D.A., et al., Angiogenesis in the synovium and at the osteochondral junction in 

osteoarthritis. Osteoarthritis Cartilage, 2007. 15(7): p. 743-51. 
 
Walsh, D.A., et al., Angiogenesis and nerve growth factor at the osteochondral junction 

in rheumatoid arthritis and osteoarthritis. Rheumatology (Oxford), 2010. 49(10): 
p. 1852-61. 



 
 

331 

 

Walsmith, J. and R. Roubenoff, Cachexia in rheumatoid arthritis. Int J Cardiol, 2002. 
85(1): p. 89-99. 

 
Wang, Y., et al., Meniscal extrusion predicts increases in subchondral bone marrow 

lesions and bone cysts and expansion of subchondral bone in osteoarthritic knees. 
Rheumatology (Oxford), 2010. 49(5): p. 997-1004. 

 
Waters, R.E., et al., Voluntary running induces fiber type-specific angiogenesis in mouse 

skeletal muscle. Am J Physiol Cell Physiol, 2004. 287(5): p. C1342-8. 
 
Whyte, L.S., et al., Cannabinoids and bone: endocannabinoids modulate human 

osteoclast function in vitro. Br J Pharmacol, 2012. 165(8): p. 2584-97. 
 
Wilkinson, T., O’Brien, TD, Lemmey AB, Oral creatine supplementation: A potential 

adjunct therapy for rheumatoid arthritis patients. World J Rheumatol, 2014. 4(3): 
p. 22-34. 

 
Windemann, H., J. Luthy, and M. Maurer, ELISA with enzyme amplification for sensitive 

detection of staphylococcal enterotoxins in food. Int J Food Microbiol, 1989. 8(1): 
p. 25-34. 

 
Wishart, D.S., et al., HMDB 3.0--The Human Metabolome Database in 2013. Nucleic 

Acids Res, 2013. 41(Database issue): p. D801-7. 
 
Woods, J.A., et al., Exercise, inflammation and aging. Aging Dis, 2012. 3(1): p. 130-40. 
 
Woolf, A.D. and B. Pfleger, Burden of major musculoskeletal conditions. Bull World 

Health Organ, 2003. 81(9): p. 646-56. 
 
Worley, B., S. Halouska, and R. Powers, Utilities for quantifying separation in PCA/PLS-

DA scores plots. Anal Biochem, 2013. 433(2): p. 102-4. 
 
Worley, B. and R. Powers, Multivariate Analysis in Metabolomics. Curr Metabolomics, 

2013. 1(1): p. 92-107. 
 
Xia, J. and D.S. Wishart, Using MetaboAnalyst 3.0 for Comprehensive Metabolomics 

Data Analysis. Curr Protoc Bioinformatics, 2016. 55: p. 14 10 1-14 10 91. 
 
Yang, X.Y., et al., Energy Metabolism Disorder as a Contributing Factor of Rheumatoid 

Arthritis: A Comparative Proteomic and Metabolomic Study. PLoS One, 2015. 
10(7): p. e0132695. 

 
Zack, M.D., et al., Identification of fibronectin neoepitopes present in human 

osteoarthritic cartilage. Arthritis Rheum, 2006. 54(9): p. 2912-22. 



 
 

332 

 

Zhai, G., et al., Serum branched-chain amino acid to histidine ratio: a novel metabolomic 
biomarker of knee osteoarthritis. Ann Rheum Dis, 2010. 69(6): p. 1227-31. 

 
Zhang, Q., Y. Yu, and H. Zhao, The effect of matrix stiffness on biomechanical properties 

of chondrocytes. Acta Biochim Biophys Sin (Shanghai), 2016. 48(10): p. 958-
965. 

 
Zhang, W., et al., OARSI recommendations for the management of hip and knee 

osteoarthritis, Part II: OARSI evidence-based, expert consensus guidelines. 
Osteoarthritis Cartilage, 2008. 16(2): p. 137-62. 

 
Zhang, W., et al., OARSI recommendations for the management of hip and knee 

osteoarthritis: part III: Changes in evidence following systematic cumulative 
update of research published through January 2009. Osteoarthritis Cartilage, 
2010. 18(4): p. 476-99. 

 
Zhang, W., et al., Metabolomic analysis of human plasma reveals that arginine is 

depleted in knee osteoarthritis patients. Osteoarthritis Cartilage, 2016. 24(5): p. 
827-34. 

 
Zhang, W.D., et al., Classification of Osteoarthritis Phenotypes By Metabolomics 

Analysis. Arthritis & Rheumatology, 2014. 66: p. S564-S565. 
 
Zhang, Y. and J.M. Jordan, Epidemiology of osteoarthritis. Clin Geriatr Med, 2010. 

26(3): p. 355-69. 
 
Zhang, Y., et al., Prevalence of symptomatic hand osteoarthritis and its impact on 

functional status among the elderly: The Framingham Study. Am J Epidemiol, 
2002. 156(11): p. 1021-7. 

 
Zhang, Z., Chondrons and the pericellular matrix of chondrocytes. Tissue Eng Part B 

Rev, 2015. 21(3): p. 267-77. 
 
Zhen, G., et al., Inhibition of TGF-beta signaling in mesenchymal stem cells of 

subchondral bone attenuates osteoarthritis. Nat Med, 2013. 19(6): p. 704-12. 
 
Zheng, K., et al., Global and targeted metabolomics of synovial fluid discovers special 

osteoarthritis metabolites. J Orthop Res, 2017. 35(9): p. 1973-1981. 
 
Zhu, Z.J., et al., Liquid chromatography quadrupole time-of-flight mass spectrometry 

characterization of metabolites guided by the METLIN database. Nat Protoc, 
2013. 8(3): p. 451-60. 

 



 
 

333 

 

Zignego, D.L., In vitro and in vivo systems mechanobiology of osteoarthritic 
chondrocytes, in Mechanical and Industrial Engineering. 2015, Montana State 
University. 

 
Zignego, D.L., J.K. Hilmer, and R.K. June, Mechanotransduction in primary human 

osteoarthritic chondrocytes is mediated by metabolism of energy, lipids, and 
amino acids. J Biomech, 2015. 48(16): p. 4253-61. 

 
Zippo, A., et al., Histone crosstalk between H3S10ph and H4K16ac generates a histone 

code that mediates transcription elongation. Cell, 2009. 138(6): p. 1122-36. 
 
Zouhal, H., et al., Catecholamines and the effects of exercise, training and gender. Sports 

Med, 2008. 38(5): p. 401-23. 
 
Zreiqat, H., et al., S100A8 and S100A9 in experimental osteoarthritis. Arthritis Res Ther, 

2010. 12(1): p. R16. 
 
 
 


