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ABSTRACT 

Osteoarthritis (OA) effects 7% of the global population, equating to more than 500 

million people worldwide, and is the leading cause of disability. Its multifaceted etiology 

includes risk factors ranging from genetics, to aging, obesity, sex, race, and joint injury. OA 

manifests differently across the patient population where symptom severity, rate of progression, 

response to treatment, pain perception, as well as others vary person to person posing significant 

challenges for effective management and prevention. At the cellular level, imbalanced matrix 

catabolism and anabolism contribute to the breakdown of cartilage, underlying bone, and other 

tissues affected by OA. Leveraging mass spectrometry-based techniques, particularly 

metabolomics, offers a promising avenue to dissect OA metabolism across musculoskeletal 

tissues, while considering individual patient-specific risk factors. Therefore, the goals of this 

research were to: (1) comprehensively characterize OA phenotypes and endotypes and (2) 

explore OA pathogenesis within the context of disease-associated risk factors.  

The first area of research focuses on profiling OA phenotypes and endotypes across 

disease development. These results provide clear evidence of OA-induced metabolic 

perturbations in OA cartilage and bone and elucidate mechanisms that shift as disease 

progresses. Several metabolites and pathways associated with lipid, amino acid, matrix, and 

vitamin metabolism were differentially regulated between healthy and OA tissues and within OA 

endotypes.   

The second area of research focuses on the impact of OA risk factors ï sex, injury, 

obesity, loading ï on the metabolism of circulatory fluids (i.e., serum, synovial fluid) and 

chondrocytes. Identification of metabolic indicators of disease, such as cervonyl carnitine, and 

metabolic pathways associated with these risk factors holds potential for improving screening, 

monitoring disease progression, and guiding preventative strategies.  

Overall, this work contributes to our current understanding of OA, its diverse metabolic 

landscape, risk factors and their interactions. Moreover, it lays the groundwork for personalized 

medicine by providing detailed insights into individualized phenotypic profiles, thereby 

advancing the prospect of tailored treatment strategies for OA individuals.   
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INTRODUCTION 

Osteoarthritis Background and Diagnosis 

Arthritis is the leading cause of disability worldwide with osteoarthritis (OA) being the 

most common form. The number of reported cases of OA since 1990 has increased by 113.25% 

equating to 527.81 million OA cases reported in 20191. Moreover, 32.5 million US adults suffer 

from OA, equating to the population of Montana multiplied by 32. By 2040, this number is 

expected to reach approximately 46 million because of our aging population2, 3. The staggering 

number of cases comes with a significant economic burden costing the US more than $185 million 

annually4, 5. The physical burdens of OA surpass economic burdens and are ultimately carried by 

individuals with this disease. OA patients commonly experience increased pain, disability, 

decreased mobility, fatigue, and depressive moods6. This often results in OA individuals missing 

at least two days of work annually. Additionally, since individuals have varying pain tolerances, 

the physical burden of OA is likely to be underreported and misrepresented.  

At the joint level, OA is associated with cartilage breakdown7. Breakdown of this near-

frictionless tissue, which ultimately functions to provide smooth articulation and joint movement, 

is negatively influenced and physically manifests as painful bone-on-bone contact, joint stiffness, 

and limited mobility. OA can occur in many joints within the body, but most commonly affects 

hips, knees, hands, and feet8. Beyond cartilage breakdown, hallmarks of OA include osteophyte 

formation, bone sclerosis, and synovitis9. Thus, OA is measured and reported in two ways: 

symptomatically and radiographically10. Characteristics of symptomatic OA reported by OA 

individuals include joint pain, stiffness, or aching as well as limited mobility. Radiographic OA is 
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commonly associated with joint space narrowing, osteophyte formation, and bone sclerosis 

observed via x-ray11.  

OA Grading and Treatment 

Currently, the Kellgren-Lawrence grading system is the most common method for 

classifying the severity of OA where obtained radiographs are assigned a grade 0 to 4 (Table 1.1, 

Figure 1.1)10, 12. Grade assignment correlates with increasing severity of OA with grade 0 

signifying minimal to no radiographic features of OA, and 4 signifying severe OA. It is 

recommended that once patients reach advanced OA grades of 3 or 4, a total joint replacement is 

needed6. The cost of a total joint replacement depends on the individualôs location and access to 

insurance. In the US, the cost of a total knee replacement is around $17,500, whereas, in European 

countries like Denmark the cost is equal to $14,28013, 14. Conversely, the cost of a total knee 

replacement in India and other developing countries is $961.8015.  

Table 1.1. Kellgren-Lawrence osteoarthritis grading system used to score patients from 0 to 4 

based on radiographic characteristics including joint space narrowing (JSN), osteophyte 

formation, and sclerosis. Originally published in10.   

 

 

 

 

DescriptionOsteoarthritis Grade

None ïNo radiographic features of OA0

Doubtful ïPossible joint space narrowing (JSN) and 
osteophyte formation

1

Minimal ïDefinite osteophyte formation with possible JSN2

Moderate ïMultiple osteophytes, definite JSN, sclerosis, 
and possible bony deformities

3

Severe ïLarge osteophytes, marked joint space narrowing, 
severe sclerosis, and definite bony deformities

4
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Figure 1.1. Radiographic images of Kellgren Lawrence grades of OA in both knee and hip joints. 

White and black arrows represent osteophytes and areas that lack joint space, respectively. 

Originally published in16, 17. 

Other treatment options beyond surgery include nonpharmacological and pharmacological 

intervention. The underlying goal across these treatment options is to manage pain, reduce 

disability, improve functionality and quality of life, as well as prevent OA progression. 

Nonpharmacological interventions typically include weight loss interventions such as diet and 

exercise. The effects of weight loss interventions are comparable to pharmacological interventions 

including analgesics like nonsteroidal anti-inflammatory drugs. Other forms of pharmacological 

intervention consist of intra-articular corticosteroid injections and hyaluronic acid. Unfortunately, 

the most effective treatment for OA is surgical intervention, which is commonly reserved for end-

stage OA patients with grade III and IV OA. While joint replacements are the most common and 
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only effective intervention for end-stage disease, there is a great need for improved intervention 

measures and treatment options as this option is expensive, relatively dangerous, hinders quality 

of life, and is not applicable to many patients, such as obese patients.  

Currently, the field has zero biomarkers for early diagnosis, disease monitoring, treatment 

effectiveness, and to evaluate the ability of novel treatments to slow, modify, or reverse disease. 

A biomarker is an objective measure that captures, or indicates, a medical state observed from 

outside the patient18.  Without biomarker identification, the orthopedic field lacks this type of ñred 

flagò detection system that signals to both the patient and clinician that something is wrong, and 

that this disease is in the early stages of development. Biomarker discovery for OA has gained 

momentum in previous years where various musculoskeletal tissues and circulator fluids have been 

examined at both the protein, metabolite, and circulatory RNA levels. However, none to date have 

been validated nor implemented in the clinical setting.  

Risk Factors 

While the prevalence of OA is apparent, there is no ñone size fits allò approach to 

understanding disease onset and progression. Delving into its multifactorial nature is imperative 

to understand the underlying mechanisms driving disease. Risk factors for OA range far and wide 

including systemic factors (i.e., age, sex, genetics, race) and local factors (i.e., obesity, joint injury, 

and loading) (Figure 1.2). OA individuals can have any combination of systemic and local factors, 

all contributing to disease pathogenesis19, 20. 
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Figure 1.2. The multifactorial etiology of OA is a result of interplay between local and systemic 

factors. Adapted from original figure published in19.  

Obesity 

Among all OA risk factors, obesity is the most common and modifiable risk factor21. 

Moreover, structural joint damage as a result of altered biomechanics and joint loading makes 

obesity a known accelerant of OA and is characterized by a low-grade inflammatory state. 

Expansion of adipose tissue leads to metabolic contributions and interactions of adipokines and 

leptin which have direct and downstream effects on joint tissue remodeling including 

chondrocytes, synoviocytes, and osteoblasts22-25. This is supported by increasing evidence of 

obesity-related OA in both weight-bearing and non-weight-bearing joints, such as the hand, 

suggesting circulating mediators released by adipose tissue contribute to OA development and that 

OA is a metabolic disease26. When obese patients are diagnosed with early-stage OA (KL grades 

I-II), weight loss is often the first line of disease management. Common ways for OA individuals 

to reduce weight include diet and/or exercise interventions (i.e., weightlifting, walking). Weight 

loss interventions improve symptomatic OA and have positive biomechanical effects27, 28. 
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However, the cellular and molecular mechanisms underlying weight loss intervention and its 

improvements remain poorly understood.  

Aging 

Behind obesity, aging is the second most common risk factor for OA. Considering our 

aging population and increases in obesity across all ages, 67 million Americans are projected to 

have OA by 2030, with 50% of these individuals being 65 or older29. Previous studies have shown 

that with aging, increases in mitochondrial dysfunction, reactive oxygen species production, cell 

stress, autophagy, senescence, and apoptosis, as well as chronic inflammation are observed. 

Moreover, a hallmark of aging is a reduced repair responseð likely a result of altered growth 

factor signaling. All of these age-related alterations combined with an emphasis on age-related 

mitochondrial dysfunction, play a role in age-related diseases including OA. Specific to the 

musculoskeletal system, cartilage thins and becomes more brittle with age due to accumulation of 

glycation end-products, making the tissue more susceptible to degeneration30. Aging also promotes 

imbalanced chondrocyte signaling, leading to an increase in production of matrix 

metalloproteinases (MMPs) and aggrecanasesðboth central to cartilage matrix maintenanceð

thus contributing to the development and progression of OA31.  

Genetics 

While OA pathology is multifactorial, the genetic component is complex as it does not 

have a typical Mendelian pattern of inheritance and instead has been shown to have multiple gene 

interactions and polygenic inheritance32. In general, the genetic influence of OA has been 

estimated between 35 and 65%33, with a 40% probability of inheritance for KOA whereas hip and 

hand OA have 65% probability of inheritance34. Previous studies have implicated specific 
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chromosomes to OA including 2q, 9q, 11q, 16q, and others34-36. At the gene level, collagen (II, IX, 

XI), VDR, IGF-1, TGF-B, cartilage matrix and link protein (CRTL, CRTM), AGC1, and others 

have been implicated in OA and have been reported to differently operate in males and females 

and in joint sites34.   

Race 

While race is considered an OA risk factor, no study to date has explicitly examined racial 

differences. This glaring knowledge gap is further solidified when it comes to patient treatment 

and symptoms. The handful of studies that have included the factor of race in cross-sectional 

studies have found overweight African American and Hispanic individuals with OA were more 

likely to be advised to lose weight than non-Hispanic White individuals37, 38. A greater proportion 

of African Americans report both symptomatic and radiographic OA39-41, greater pain severity42, 

43, and more pain-related disability compared to non-Hispanic White individuals44, 45. Racial 

differences are further confounded with sex where older African American females are 

disproportionally affected by OA and experience OA-related disability at twice the rate of non-

Hispanic White females46.  

Joint Loading and Injury 

 It is well established that mechanical loading, too much or too little, is a risk factor for 

OA19. Historically, OA was described as a ñwear-and-tearò disease where the relationship between 

joint health and applied mechanical load was heavily investigated. Specifically, cartilage has been 

closely examined because it provides near-frictionless articulation at the ends of long bones 

allowing for pain-free joint movement, resistance to extreme loads, and reduced stress placed on 

the underlying bone 47. To maintain these functions and integrity of cartilage, physiological loading 
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is necessary48, 49. However, reduced loading (i.e., bedrest, microgravity) and overloading (i.e., 

loads large in duration and magnitude) can lead to imbalanced cartilage homeostasis and 

metabolism50. Once this occurs, physical manifestations at the joint level consist of cartilage 

degeneration and eventual OA51.  

While mechanical loading is required to maintain proper cartilage function, injurious 

mechanical loads are common. Within the US alone, 250,000 individuals injure their anterior 

cruciate ligament (ACL) annually and often damage other tissues and structures within the joint, 

such as the meniscus. On average, 70% of injured individuals undergo surgical repair with the 

majority of these individuals being between the ages of 16 and 24, and 50% of them will develop 

PTAO within 10 to 15 years52. The acute nature of ACL injury triggers an inflammatory response, 

activating catabolic mechanisms within the joint53. Consequently, ACL injury and the subsequent 

development of post-traumatic osteoarthritis (PTOA) stand out as notable contributors to the 

overarching impact of OA, with PTOA cases comprising 12% of the annual total, amounting to 

5.8 million cases annually54.  

Sex 

OA affects both males and females; however, knee OA (KOA) is more prevalent amongst 

females, particularly those over the age of 55 who often experience more severe OA55, 56. While 

the number of OA cases is projected to increase, in 2030 the projected prevalence is much higher 

in females (64%, ~42 million) compared to males (36%, ~25 million) (Figure 1.3)57. Female-

specific risk factors contributing to OA encompass genetic predisposition, anatomic and hormonal 

differences, and injury susceptibility58, 59. A Finnish twin study indicates a higher heritability of 

OA among females when compared to their male twin60. Anatomically, females have narrower 
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pelves, smaller femurs, thinner cartilage at the distal femur, a smaller ACL, and a narrower 

intercondylar notch (i.e., the groove the ACL travels through) compared to males61-63.  

 

Figure 1.3. Prevalence of OA among males (blue) and females (pink) in the past (2005-2025) and 

the projected prevalence of arthritis by 2030 with females accounting for approximately 64% of 

OA cases. Adapted from original figure published in57. 

These anatomical differences amplify the propensity for ACL injuries or ruptures, a 

phenomenon observed more frequently in females. Annually, 15% of knee injuries are among 

high-school athletes with young female athletes composing the majority of these injuries as they 

are 2-6 times more likely to sustain a knee injury that requires surgical repair compared to male 

athletes64, 65. Once injured, females report poorer outcomes post-repair where they experience 

greater joint instability and distress and have a 25% reduced chance of returning to their sport 

within 5 years compared to male athletes66, 67. Moreover, most studies investigating injury and 

PTOAôs association with sports are primarily studied in male-dominated sports66.  
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Despite the recognition of sex differences in OA dating back to 1956, little to no attention 

has been given to this issue68. Particularly concerning is the underrepresentation of both male and 

female subjects in many human and animal studies. Using the search terms ñknee OAò and ñsexò 

for the clinical population of interest, only 9% and 6% identified sex and gender, respectively, out 

of the total 2,968 clinical studies on KOA57.  In 1993, the National Institutes of Health mandated 

the enrollment of women in human clinical trials, however, no comparable initiatives have been 

established for animal trials, resulting in a disproportionate ratio of 5:1 male to female subjects in 

animal studies69. In a review summarizing all animal OA studies published between 2002 and 2012 

(n=1043) revealed that only 32 studies identified the sex of animals, with only one study 

comparing results between males and females57.  

Beyond human and animal models, OA is investigated at smaller length scales, such as cell 

culture studies, where the sex of the cell source is often overlooked or regarded as asexual57. Few 

studies report this because non-reproductive tissue is used, however, genes expressed on the X and 

Y sex chromosomes have a strong impact on the biology of diverse tissues, including biochemical 

pathway regulation and cellular physiology, beyond reproductive tissues70, 71. While many journals 

have implemented policies that the source of cells utilized, including species and sex, should be 

indicated, such reporting remains sporadic71. A notable exception to this trend is the HeLa cell 

line, derived without consent from Henrietta Lacks, which has emerged as one of the oldest and 

most widely used cell lines in scientific history72. HeLa cells have been central to numerous 

biomedical and general scientific breakthroughs71, underscoring the debt owed to patients like 

Henrietta Lacks by scientists and individuals worldwide. Beyond the HeLa cell line, sex 

information is often lacking or poorly documented, necessitating further investigation, which very 
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few undertake. In the realm of OA research, for instance, SW1353 cells, derived from a 72-year-

old white female with chondrosarcoma, are commonly used for chondrocyte experiments, yet the 

significance of sex in this context remains underexplored.  

Lastly, the influence of hormonal modulation extends beyond reproductive organs and 

tissues and impacts many joints affected by OA, including the knee and hand. Sex hormones 

undergo cyclic fluctuations throughout the lifespan, with females experiencing monthly cycles 

lasting approximately 30 days, while males undergo daily hormonal cycling. Furthermore, post-

menopausal women exhibit increased OA severity, a phenomenon that cannot solely be attributed 

to systemic estrogen levels73, but possibly elucidated by variations in receptor number and type74. 

Even before menopause, higher levels of circulating estrogen in females compared to males have 

been associated with increased expression of beta-oxidation pathways and mechanisms like 

adenosine monophosphate-activated protein kinase (AMPK)75, 76. AMPK, a key energy sensor that 

regulates ATP production, can be activated by estrogen. Despite these nuanced differences, the 

recognition of sex-related distinctions remains limited across various scales. Consequently, 

discussions often stop at hormonal differences, resulting in disproportionate research emphasis on 

females, thereby adversely affecting the development and implementation of clinical care, 

preventative strategies, and therapies.  

Mass Spectrometry 

Mass spectrometry is a powerful analytical tool capable of identifying and quantifying the 

mass-to-charge ratio (m/z) of one or more molecules in a sample. In our daily lives, we use mass 

spectrometers without realizing it. For instance, Transportation Security Administration agents 

utilize mass spectrometers to test swabs from passengersô hands and items to detect bomb-related 
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materials like TNT. Additionally, when a baby is born, a heel-prick blood sample is obtained and 

then subjected to mass spectrometry analysis in search of biomarkers indicative of disease. More 

recently, mass spectrometers have been used in the operating room during surgical procedures 

where the iKnife aids surgeons in real-time tissue-type identification to discriminate cancerous 

tissues from normal tissues77. Beyond these real-world applications, mass spectrometry has 

widespread applications across diverse fields of research, including the musculoskeletal domain.  

Instrumentation 

At the core of all three of these examples are the three fundamental components of a mass 

spectrometry instrument: the ion source, mass analyzer, and mass detector (Figure 1.4)78. In a 

sequential process, the sample is introduced into the system and becomes positively or negatively 

charged through ionization methods, such as electrospray ionization (ESI). Once charged, ions 

traverse the mass analyzer via generated electromagnetic fields. The mass analyzer is the heart of 

the mass spectrometer and is crucial for downstream analyses as it separates ions based on m/z 

and filters out uncharged molecules. Upon reaching the mass detector, charged ions produce a 

measurable current. At both the mass analyzer and mass detector, the size of the ion dictates its 

velocity, with smaller ions reaching the detector before larger ions. Combined, the measured time 

and velocity aid in determining the ionôs specific mass. The functional readout from standard mass 

spectrometers includes m/z, relative abundance or intensity, and retention time. Since its inception 

in the early 1900s, mass spectrometry has undergone profound instrument development, leading 

to the emergence of numerous ion sources, mass analyzers, and mass detectors with various 

combinations of all three components have been utilized. Furthermore, the integration of 



13 

 

chromatography techniques has significantly enhanced the coverage of molecules within a 

complex sample.  

 

Figure 1.4. Overview of the analytical framework of mass spectrometers where samples are 

introduced to the system, molecules become ionized, traverse through the mass analyzer, then hit 

the ion detector where the time to traverse is interpolated to a m/z value in an MS spectrum.  

Ionization 

The introduction of samples into the mass spectrometer occurs through two primary routes:  

direct insertion and direct infusion. Direct infusion involves a continuous flow of the sample into 

the mass analyzer, while direct insertion employs a lock system for static sample introduction78. 

Both routes produce ions, with ionization playing a crucial role in mass spectrometry as molecules 

lacking a charge are unable to traverse the mass analyzer. Examples of direct infusion include 

electron ionization, chemical ionization, and ESI while direct insertion techniques include fast 

atom/ion bombardment, electron ionization via probe, and matrix-assisted laser desorption 

ionization (MALDI).  

ESI is a widely used method due to its ability to provide a continuous sample introduction 

into the mass analyzer and its compatibility with chromatographic techniques. ESI produces singly 

charged molecules, either positive or negative, using electrical energy, heat, and gas (i.e., nitrogen) 



14 

 

to transfer ions from solution into the gaseous phase (Figure 1.5). This process involves three main 

steps: (1) the dispersion of a fine spray of charged droplets, (2) solvent evaporation, and (3) ion 

ejection from the highly charged droplets79. Advantages of ESI include a practical mass range of 

up to 70,000 Da, high sensitivity, soft ionization, easily adapted to liquid chromatography (LC) 

and various mass analyzers, and minimal matrix interference. However, a drawback includes 

potential multiple charging and incompatibility with salts due to sample dehyration78.  

Figure 1.5. Schematic of electrospray ionization (ESI) which is a common ionization method 

used in mass spectrometry. To generate ions, a Taylor cone is formed at the tip of the ESI 

capillary, creating a large droplet. Through solvent evaporation, charged droplets get smaller and 

smaller while the charge intensity on the surface gradually increases. This charge concentration 

culminates in a Coulombic explosion where many smaller droplets, or ions, are formed which 

can then enter the mass analyzer. 

 MALDI, a type of direct insertion ionization technique, utilizes matrix and laser ablation 

to generate ions. In this process, a sample is first coated with a matrix where the sample is co-

crystallized with the matrix compound. Many matrices have been utilized for MALDI, where most 

contain aromatic rings capable of absorbing UV light. The matrix is very important as it helps 

facilitate desorption and irradiation by absorbing laser radiation and energy, thereby protecting the 

sample. Upon laser irradiation, vaporization of the matrix containing analytes occurs, with analytes 

subsequently ionized by protonation or deprotonation in the hot plume of ablated gas before being 
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accelerated into the mass detector80 (Figure 1.6). Advantages to MALDI ionization include a 

practical range of 300,000 Da exceeding ESI, high sensitivity, minimal fragmentation, and is 

highly suited for the analysis of complex mixtures. However, disadvantages include high matrix 

background, potential photodegradation from the laser, and the requirement for substantial 

amounts of matrix78, 81.  

 

Figure 1.6. Schematic of matrix-assisted laser desorption ionization (MALDI) where co-

crystalized matrix (blue) and sample analytes (pink) undergo laser ablation to ionize analytes 

while protecting the sample.   

 Recently, MALDI ionization has catalyzed spatial imaging. Specifically, MALDI-mass 

spectrometry imaging (MALDI-MSI) is utilized to spatially locate metabolites within biological 

samples (Figure 1.7). This powerful tool offers advantages beyond standard histological imaging 

where molecular information is correlated with localization in a label-free and multiplexed way 

offering high sensitivity, high throughput, and a high degree of molecular specificity. In 1997, the 

first study that employed MALDI-MSI to image biological tissues was published82, and was 
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quickly implemented in the study of cancer, neurological disorders, and drug distribution and 

metabolism83. A noteworthy application of MALDI-MSI demonstrating its diagnostic potential is 

in the differentiation of tissues like tumors and the degree of metastasis84, 85.  

 

Figure 1.7. Schematic of matrix assisted laser desorption ionization-mass spectrometry imaging 

(MALDI-MSI) where the tissue of interest is dissected and sectioned. Next, sections are 

transferred to indium tin oxide (ITO) slides where matrix is applied. Co-crystallized matrix and 

sample are then ablated using a laser to spatially locate metabolites within a biological sample 

using a reconstructed intensity image. 

Mass Analyzers 

 Following ionization, the ions generated by various techniques are then measured by the 

mass analyzer. Central to many of the mass analyzers on the market is the quadrupole,  an element 

first reported in the mid-1950s, utilizing radiofrequency and direct current potential to separate 

ions based on their m/z. Since, advancements have led to the development of triple quadrupoles 

(QQQ), quadrupole time of flight (QTOF), quadrupole ion traps, and orbitraps. The selection of a 

specific mass analyzer depends on the same type and research hypothesis at hand. For instance, 
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QTOF instruments offer high accuracy and are well-suited for comprehensive global analyses, 

while QQQ serves as the gold standard for more targeted analyses.  

Chromatography 

 Chromatography first entered the realm of mass spectrometry in the late 1950s, establishing 

itself as a standard method for isolating and purifying substances. Specifically, in the context of 

mass spectrometry, chromatography serves the vital function of resolving complex samples 

allowing more analytes to be detected. Peak separation, also referred to as resolution, hinges on 

retention (elution time for analytes), selectivity (indicating how effectively analytes are separated), 

and efficiency (the columnôs capacity to separate analytes within a complex mixture). 

At the core of chromatographic separation lies the column, which is instrumental in 

achieving peak resolution. In essence, the column is packed with a stationary phase, and as the 

mobile phase, either gas or liquid, moves through the column various analytes elute over a set 

period. The observed separation is influenced by many factors such as the injected sample, 

polarity, electrical characteristics, and molecular size. Additionally, the polarity of both the 

stationary and mobile phases can be adjusted to optimize the separation of complex mixtures. 

Chromatography Techniques 

The two primary chromatography techniques are liquid chromatography (LC) and gas 

chromatography (GC). In 1952, the utilization of gas chromatography-mass spectrometry (GC-

MS) was first documented. Due to the utilization of a gas mobile phase and the elution of analytes 

from the column as a gas, the technical complexity of these systems was relatively lower, delaying 

the emergence of liquid chromatography-mass spectrometry (LC-MS) systems until the late 1960s. 
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Key distinctions between GC-MS and LC-MS are the type of mobile phase (gas vs. liquid), shape 

of column (circular vs. linear), and consideration of sample polarity and content. 

Polarity-based separation consists of normal- and reverse-phase chromatography (Figure 

1.8). In normal-phase chromatography, the stationary phase is polar, and the mobile phase is 

nonpolar, leading to the retention of polar analytes by the column while nonpolar analytes elute 

quickly. Conversely, reverse-phase chromatography operates in the reverse, where the stationary 

phase is nonpolar, and the mobile phase is polar, resulting in quick elution of weakly retained polar 

analytes and strong retention of nonpolar analytes to the column.  

 

Figure 1.8. Schematic of both normal- (left) and reverse-phase (right) chromatography depicting 

differences in stationary and mobile phases and elution and retention of analyte bands based on 

polarity (pink = polar, orange = nonpolar).  

More complex chromatography exists for both normal- and reverse-phase consisting of 

hydrophilic-interaction chromatography (HILIC) and hydrophobic-interaction chromatography 

(HIC). HILIC falls under the umbrella of normal-phase chromatography where a gradient elution 

mode consisting of organic and inorganic mobile phase. This approach allows initially retained 

polar compounds on the column to be eluted as the polarity of the mobile phase increases. 
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Similarly, HIC relies on optimizing hydrophobic interactions to elute analytes to increase 

hydrophobicity. Depending on sample type and complexity, HILIC is favored for complex 

mixtures and HIC is preferred for separation of proteins and the removal of salts. Overall, the 

selection of a chromatographic method and column type should consider factors such as sample 

type, the polarity of the analyte(s) of interest, and the underlying research hypothesis (Figure 1.9).  

 

Figure 1.9 Schematic depicting different chromatographic methods based on sensitivity and 

analyte polarity. Hydrophilic-interaction chromatography (HILIC) is highly sensitive and well-

suited for complex mixtures where it has success in eluting polar as well as some nonpolar 

analytes. Normal phase chromatography has poorer sensitivity compared to HILIC and is most 

compatible for polar analytes. Lastly, reverse-phase chromatography is most compatible with 

nonpolar analytes and has moderate sensitivity. Schematic was adapted from Dr. Brian Bothnerôs 

BCH 524 lecture slides.  
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Metabolomics 

 Metabolomics, a relatively new member of the ó-omicsô family and systems biology, 

focuses on the comprehensive analysis of small molecule intermediates known as metabolites. 

These metabolites, present within cells, tissues, and biofluids, provide a direct snapshot of 

biochemical activity occurring at the cellular level, offering insight beyond genes and proteins as 

they are not subject to epigenetic regulation and post-translational modifications87-89 (Figure 1.10). 

This global approach allows researchers to gain an unbiased view of dynamic metabolic regulation 

influenced by various factors such as genetic architecture, environment, and internal and external 

factors.  

 

Figure 1.10. Multi-omic cascade representing the gene, protein, and metabolite levels. 

Combined, profiling at each level, especially at the metabolite level, phenotypes can be identified 

using this systems biology approach. Schematic originally published in87.  
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Metabolomics History and Profiling Techniques 

Historically, the two most common profiling methods in metabolomics are mass 

spectrometry and nuclear magnetic resonance (NMR). NMR, first utilized in 1974 for detecting 

metabolites in biological samples90, requires substantial sample volume and offers limited 

sensitivity and metabolite coverage. In contrast, mass spectrometry, initially employed via GC-

MS to measure metabolites in human urine in 197191, 92, requires minimal sample volume, provides 

higher sensitivity, and identifies a wide range of metabolites. The pivotal work by Siuzdak and 

Lerner, who were some of the first to perform LC-MS-based metabolomics in 199593, 94, leading 

to many other studies and development of databases like METLIN (2005)95, XCMS (2006)96, and 

the Human Metabolome Database (2007)97, solidifying metabolomics as an emerging field by 

2010.  

When searching PubMed using the search term ñmetabolomicsò, 82,293 papers spanning 

from 1993 to the present day are yielded. Notably, in 2023 alone, 13,270 papers that leveraged 

metabolomics were published, highlighting it has become a powerful approach and is widely 

adopted by many fields of research. Metabolomics has emerged as a potent tool in clinical research, 

particularly for biomarker discovery to identify metabolic indicators of disease87. These 

biomarkers hold promise as potential drug targets or markers to monitor disease progression over 

time. Crucially, metabolomics advances the trajectory toward personalized medicine by providing 

detailed snapshots of individualsô phenotypes and endotypes, thus facilitating tailored therapeutic 

interventions.  

Metabolomics encompasses two main approaches: untargeted and targeted (Figure 1.11). 

Untargeted metabolomics aims to comprehensively analyze all detectable metabolites within a 

given sample, thus providing an unbiased global view of the metabolic landscape without bias. 
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This approach, often performed using LC-MS, is extremely valuable as it is ñhypothesis-

generatingò and valued for exploring novel biomarkers and uncovering metabolic alterations that 

may have gone unnoticed on targeted and hypothesis-directed studies87, 98.  

Conversely, targeted metabolomics aims to measure a predefined set, or panel, of 

metabolites often selected based on known relevance to a particular biological process or 

pathway99. This approach enables precise measurement of specific metabolites and is ñhypothesis 

drivingò  and valued for biomarker validation, pharmacokinetics, and is employed in the clinical 

setting100. Moreover, targeted metabolomics, often performed using a QQQ, has been applied to 

perform selected reaction monitoring in a relatively high throughput way87, 101. Both approaches 

are paramount to metabolomics as a whole and advance our understanding of complex biological 

systems as they provide complimentary insight into disease mechanisms, therapeutic interventions, 

and personalized medicine. Leveraging both approaches synergistically has the potential to unravel 

the intricate interplay of biochemical activity at multiple length scales paving the way for patient-

tailored medicine for a brighter future.  
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Figure 1.11. Untargeted and targeted metabolomic workflows. In untargeted metabolomics, a 

global approach typically employing LC-MS, all detected metabolites in a sample are analyzed. 

In contrast, targeted metabolomics focuses on a predefined panel of metabolites of interest, 

enabling specific detection within predetermined pathways through reaction monitoring 

(bottom). Originally published in87. 

Data Analysis  

 Metabolomic datasets, particularly untargeted, are extremely large and complex files due 

to the detection of thousands of metabolites combined with the high-resolution of the data. Because 

of this, manual inspection of data is complicated, incredibly time-intensive and subject to bias. 

Considering this, numerous open-access platforms, such as XCMS96, have been developed to first 

perform peak detection, sample and retention time alignment, and process raw signals into feature 

abundances. With this output consisting of m/z, relative abundance or intensity, and retention time, 

bioinformatic tools like MetaboAnalyst can be used to visualize metabolomic data and perform 

statistical and pathway analyses. Common visualization analyses to observe metabolic 

dissimilarities or similarities include hierarchical clustering analysis (HCA), principal component 

analysis (PCA), partial least squares-discriminant analysis (PLS-DA), and heatmaps. Statistical 

tests like fold change, volcano plot, studentôs t-test, and ANOVA analyses can be performed to 

distinguish and identify populations of metabolites that are differentially regulated between 

experimental groups of interest. Next, populations distinguished by these analyses can be subjected 
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to pathway enrichment analyses using the Mummichog algorithm where metabolites are projected 

onto biological pathways to infer or predict networks of functional activity and regulation.  

Research Goals and Outline 

 While OA has been extensively researched, little progress has been made at the patient 

level and many gaps in knowledge remain. Key challenges persist including (1) the lack of optimal 

treatment options beyond expensive and invasive total joint replacement, (2) the absence of 

biomarkers for early detection, and (3) an incomplete understanding of the complex interactions 

between OA risk factors and musculoskeletal tissues. Consequently, my research sought to address 

these critical gaps by undertaking two overarching objectives: (1) comprehensively characterize 

OA phenotypes and endotypes, and (2) explore OA pathogenesis through the lens of disease-

associated risk factors, leveraging advanced mass spectrometry-based approaches.  

Osteoarthritis Phenotypes, Endotypes, and Targets 

 As a true crime fan, I enjoy learning about how various scientific discoveries have taken 

the field of forensics by storm. Among these, fingerprinting analysis stands out as a cornerstone 

method in identifying suspects by analyzing prints found at the scene of the crime. The complexity 

of fingerprints renders this technique invaluable to investigators. The idea of fingerprinting can be 

applied to OA where individuals around the globe have their own distinct ñOA fingerprintò 

representing their disease status, susceptibility, and specific risk factors. Another term for these 

fingerprints are phenotypes and endotypes where these can be investigated and characterized to 

better understand the complex nature of OA metabolism and how they evolve in healthy and 
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diseased individuals. OA is not a ñone-size-fits-allò disease, and treatment and interventions 

should reflect that. 

A phenotype is defined by a single or collection of disease characteristics that describe 

differences between patients and outcomes102. In the context of OA, these physical and measurable 

outcomes include symptom severity, radiographic grade, and progression, mobility, and function. 

Characterization of phenotypes has the potential to improve treatment stratification and identify 

individuals who would benefit most from currently available treatments102. In contrast, an 

endotype is a subtype of disease defined functionally and pathologically by a molecular 

mechanism where different mechanisms lead to the same manifestation103, such as end-stage OA. 

Characterization of endotypes is pivotal for implementing targeted therapies and advancing 

biomarker and drug discovery efforts. Thus, elucidating both OA phenotypes and endotypes is 

essential for understanding disease epidemiology, monitoring progression, tailoring preventative, 

and personalized treatments, and identifying prognostic and diagnostic biomarkers and drug 

targets.  

Previous studies have investigated the role of metabolism and metabolic alterations across 

joint tissues in response to disease and specific risk factors. In Chapter 2, musculoskeletal tissue 

metabolism during times of health and how it changes with disease is reviewed at length. Many of 

the studies discussed applied metabolomics as it as has emerged as a powerful tool for OA 

research. Specific to my research, metabolomics can help us delineate OA phenotypes and 

endotypes, offering insight into the metabolic alterations occurring across various musculoskeletal 

tissues and circulatory fluids during health and disease. While previous studies have explored OA 

biomarkers in fluids like blood104-111, urine112, 113, and synovial fluid114-122 using metabolomics, 
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tissues such as cartilage and bone remain relatively uncharted territory. Given the pivotal role of 

these tissues in OA pathology and their role in the Kellgren-Lawrence grading system, there is a 

compelling need to investigate bone and cartilage. Thus, two specific aims were generated: (1) 

characterize the metabolome of osteoarthritic cartilage and bone considering disease progression 

and (2) classify disease-associated and pathological mechanisms underlying OA metabolism in 

healthy and diseased cartilage.  

The first aim, addressed in Chapter 3, employed a tissue-centric approach combined with 

LC-MS metabolomics to understand OA metabolism in end-stage disease. By extracting 

metabolites from end-stage OA bone and cartilage, this study sought to distinguish and define 

metabolic phenotypes of cartilage and bone, grades of OA, and spatially map metabolic shifts 

across the diseased joint. The results of this study provide compelling evidence that end-stage 

tissues from OA individuals differ by both grade and tissue, with pronounced metabolic 

perturbations observed in regions experiencing greater mechanical stress.  

The second aim, addressed in Chapter 4, built upon the phenotypes and endotypes 

generated in Chapter 3 and incorporated healthy samples to shed light on disease-associated 

mechanisms. Moreover, OA participants alone were examined at length to characterize endotypes 

of OA. Unique to this study, tandem LC-MS (LC-MS/MS) was performed to unveil metabolic 

indicators of disease that could function as biomarkers and drug targets to slow, halt, or reverse 

OA. Combined, the results of this study unveiled specific metabolic endotypes and metabolites 

reflective of disease status, shedding light on the multifaceted landscape of OA metabolism and 

offering potential avenues for therapeutic intervention. 
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Osteoarthritis Risk Factors 

 In Chapters 5-8, my research delves into the multifaceted landscape of OA risk factors, 

with a great focus on sex and joint injury. To enhance the current understanding of how various 

risk factors influence the development and progression of OA, both human and mouse studies were 

conducted. Moreover, investigation into treatment and various interventions associated with these 

risk factors was also performed.  

In Chapter 5,  LC-MS metabolomics was employed to examine the influence of risk factors, 

sex, and injury, on the synovial fluid metabolome. Synovial fluid, located within the joint cavity 

and in direct contact with joint tissue and structures, is an optimal sample type for assessing 

metabolic changes post-injury. Thus, the goals of this study were to capture local, systemic, and 

metabolic changes within the joint following different types of injuries in both male and female 

individuals. The results of this study highlight distinct metabolic phenotypes associated with 

different injuries and sexes, offering insights into potential markers that could be  

monitored overtime to oversee disease progression.  

 Similarly, Chapter 6 employs a mouse injury model to investigate the effects of injury and 

sex on metabolic signatures in synovial fluid, whole joint tissue, and serum. By profiling multiple 

tissues using this LC-MS metabolomic approach, a greater understanding of how the joint responds 

to injury across multiple tissues may lead to the identification of a panel of metabolites, or 

pathways, that is easily detected in circulatory fluids like serum.  Additionally, MALDI  imaging 

was performed to spatially locate and detect differences in osteochondral metabolites that compose 

the mouse knee joint. By strategically combining metabolomic and imaging data, the effects of 

injury and sex can be comprehensively examined at multiple length scalesïmetabolically and 

structurallyïto gain a full picture of activity acutely following injury.  
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 Chapter 7 shifts the focus to obesity, the most major and modifiable OA risk factor, and 

investigates the effects of currently prescribed weight loss interventions, including diet and 

exercise, on the serum metabolome of OA patients. The Intensive Diet and Exercise for Arthritis 

(IDEA) trial was conducted to closely investigate the effects of diet and exercise intervention on 

OA symptoms and radiographic progression. In collaboration with the leaders of the IDEA trial, 

serum samples were obtained from 30 participants to examine (1) changes in metabolism over 18 

months of assigned intervention, (2) distinguish pathways associated with specific intervention 

types, and (3) identify phenotypes that are sex-dependent using LC-MS and LC-MS/MS.  The 

findings of this study suggest that intensive weight loss offers metabolic benefits for OA 

individuals and motivates further research to closely examine interventions and treatments 

currently prescribed to patients.  

 Lastly, Chapter 8 explores the effects of mechanical loading on chondrocyte metabolism, 

the primary cell type of cartilage. Motivation for this study lies in cartilage degradation which 

manifests as decreased mobility, increased pain, and overall, reduced quality of life. To better 

understand the effects of overloading and cartilage homeostasis, a common model system, 

pioneered by past June lab members, was utilized. Specifically, SW1353 chondrocyte cells were 

exposed to cyclical mechanical stimuli ï shear and compression ï for different durations of time 

(0, 15, 30 minutes). Using LC-MS metabolomics, metabolites that differentiate between the type 

and duration of loading were investigated. The findings of this study showcase that different 

mechanical stimuli differentially influence metabolism expanding our knowledge on chondrocyte 

metabolism and the effects of loading.  
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In summary, these chapters contribute to our understanding of OA phenotypes and 

endotypes, risk factors and their interactions, and offer insights into potential biomarkers, 

treatment strategies, and mechanisms underlying disease pathogenesis.  

Abbreviations List 

OA = osteoarthritis; MMPs = matrix metalloproteinases, ACL = anterior cruciate ligament; PTOA 

= post-traumatic osteoarthritis; KOA = knee osteoarthritis; AMPK = adenosine monophosphate-

activated protein kinase; m/z = mass-to-charge ratio; ESI = electrospray ionization; MALDI = 

matrix assisted laser desorption ionization; LC = liquid chromatography; MALDI -MSI = matrix 

assisted laser desorption ionization-mass spectrometry imaging; QQQ = triple quadrupole; QTOF 

= quadrupole time of flight; GC = gas chromatography; GC-MS = gas chromatography-mass 

spectrometry; LC-MS = liquid chromatography-mass spectrometry; HILIC = hydrophilic-

interaction chromatography; HIC = hydrophobic-interaction chromatography; NMR = nuclear 

magnetic resonance; HCA = hierarchical clustering analysis; PCA = principal component analysis; 

PLS-DA = partial least squares-discriminant analysis; LC-MS/MS = liquid chromatography 

tandem mass spectrometry 
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Abstract 

Osteoarthritis (OA) is a disease of the whole joint where degeneration of various tissues 

including cartilage, bone, synovium, and others manifests as pain, loss of function, and ultimately 

joint failure. Most current treatments and interventions are not proactive in nature, ranging from 

nonpharmacological to total joint arthroplasty. To positively influence prevention measures, 

treatment options, and advance biomarker identification, recent studies investigated the role of 

metabolism and metabolic alterations across joint tissues in response to disease and risk factors 

such as injury. Therefore, the aim of this review is to elucidate musculoskeletal tissue metabolism 

during times of health and disease and to shed light on the biochemical crosstalk between tissues 

that contribute to OA development and progression. 

Introduction 

Osteoarthritis (OA), characterized by the breakdown of cartilage and other tissues, is the 

leading cause of disability worldwide. Since 1999, prevalent cases of OA have increased by 

114.5%1. This disease has culminated in extensive economic toil, costing the US approximately 

$185 billion annually2. Increased pain and limited mobility result in reduced quality of life for 

those suffering with OA. Despite the immense economic and physical burdens of OA, most 

treatments remain costly and frequently do not lead to complete resolution of symptoms.  These 

typically include encompassing pain management, physical therapy, and ultimately total joint 

replacement3.  

While OA research has predominantly centered around cartilage, the pathological and 

metabolic perturbations of OA encompass a significantly broader spectrum of tissues. Beyond 



43 

 

cartilage degeneration, pathological hallmarks of OA include osteophyte formation, bone 

sclerosis, synovitis, and changes in synovial fluid (SF) viscosity, among many others4. At the heart 

of these pathological changes lies imbalanced metabolism, which plays a pivotal role in driving 

the observed changes in affected tissues and fluids.  

 Metabolism, consisting of anabolic and catabolic activity, is composed of thousands of 

interconnected reactions.  Central metabolism involves cellular energy where adenosine-

monophosphate (ATP) is the most common energy currency in biological systems. The extraction 

of this energy involves metabolic pathways including glycolysis, the TCA cycle, oxidative 

phosphorylation, and closely related pathways like the pentose phosphate pathway, fatty acid 

oxidation, and many others. In brief, large molecules are broken down into smaller ones, such as 

glucose, which can then be metabolized to simpler fuel molecules, like acetyl-CoA, and then 

completely oxidized to generate ATP via the TCA cycle and oxidative phosphorylation (Fig. 2.1). 

Dependent on cellular needs and demands, metabolic regulation is fluid where it functions to 

provide ATP as well as building blocks for important biomolecules like nucleotide bases and 

proteins. 
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Figure 2.1. Overview of central energy metabolic pathways. Adenosine-triphosphate (ATP) 

serves as the primary energy currency in various biological systems and tissues such as 

muscloskeletal tissues. Key energy metabolic regulation centers around bioenergetic fuels such 

as glucose, lipids, and amino acids. Glucose is able to enter the cell via glucose transporter 1 

(GLUT1) where it is converted to glucose-6-phosphate (G6P). This intermediate is 

interconnected to multiple metabolic pathways like the pentose phosphate pathway and 

depending on the hosts needs and demands, aerobic or anaerobic glycolysis can be executed each 

yielding different amounts of ATP. Anaerobic glycolysis, also known as the Warburg Effect, 

involves the conversion of pyruvate to lactate via fermentation, which is then transported out of 

the cell via monocarboxylate transporters (MCT). This type of respiration yields one lactate and 

two ATPs per glucose. In comparison, aerobic glycolysis involves the conversion of G6P to 

pyruvate, and is further metabolize through the TCA cycle and oxidative phosphorylation to 

yield 30-32 molecules of ATP per glucose molecule. Beyond glycolysis, fatty acids can be 

utilized to yield ATP through transportation into the cell via the carnitine shuttle, then oxidized 

via ɓ-oxidation. Moreover, numerous lipid-related metabolic pathways contribute to the 

bioenergetic state of the cell and production of ATP. The interconnectedness and orchestration  

these pathways contribute to the extraciton of energy and are paramount to homeostatic 

regulation, adapating to the hosts needs and demands. Adenosine-triphosphate ï ATP; Glucose 

transporter 1 ï GLUT1; glucose-6-phosphate ï G6P; monocarboxylate transporter ï MCT; 

triboxylic acid cycle ï TCA cycle; carnitine-acyl transferse 1 ï CAT1; carnitine-acyl transferse 2 

ï CAT2. 
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Recent studies examine the heterogenous pathology of OA and emphasize the significance 

of metabolism in disease progression. Specifically, the disruption of metabolic activity and 

intricate biochemical crosstalk among various tissues and cell types are key contributors to the 

disease process.  Examining the metabolism of musculoskeletal tissues in both healthy and 

diseased states, coupled with uncovering the intricate biochemical interactions between tissues, 

provides deep insight into understanding the complexities underlying the onset and progression of 

OA (Fig. 2.2).  A comprehensive understanding of OA metabolism from a whole-joint perspective 

may aid in identifying biomarker or pathway targets to slow, halt, or reverse disease. This review 

aims to summarize musculoskeletal tissue metabolism spanning cartilage, bone, synovium, SF, 

and circulatory fluids while discussing potential biochemical regulation and crosstalk that 

contributes to advancing our knowledge of OA.  
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Figure 2.2. Pathological and metabolic changes manifest across musculoskeletal tissues in the 

wake of osteoarthritis (OA) onset. Within osteoarthritic bone, cartilage, synovium, and synovial 

fluid, diverse metabolic pathways including phospholipid, amino acid, and energy pathways, 

undergo discernible changes. Notably, broader metabolic activities such as Wnt and PTH 

signaling are altered in OA bone. It is hypothesized that these metabolic shifts physically 

manifest as pathological changes. These alterations encompass a decrease in synovial fluid 

viscosity and joint lubrication, increased permeability and hyperplasia of synovium, degradation 

of cartilage matrix, and sclerosis with heightened mineralizing in bone. Collectively, OA extends 

its impact beyond cartilage, exerting negative influences metabolically and pathologically on 

various joint tissues, structures, and fluids.  

Cartilage 

Articular cartilage, the soft tissue that lines the end of long bones, provides a smooth 

surface that allows low-friction articulation, reduces stress on underlying bone, and ultimately 

allows for pain-free locomotion5. This essential tissue is composed of an extracellular matrix 

(ECM) that surrounds local cartilage cells called chondrocytes. The ECM is composed of 3 main 

constituents: collagen, proteoglycans, and waterð with water making up the majority (80%) of 
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cartilage mass5. Additionally, cartilage is avascular, aneural, and relies on other joint tissues such 

as underlying subchondral bone and synovial fluid for nutrients and oxygen supply via diffusion5. 

Because oxygen supply is reduced and cells function in a hypoxic state, chondrocytes are sensitive 

to oxygen influencing metabolism.      

Cartilage primarily depends on glucose as its primary energy source to rapidly generate  

ATP via glycolysis and mitochondrial respiration6. Previous studies show that cartilage possesses 

functional mitochondria that undergo mitochondrial respiration, and that glucose and lipids are 

both relied on as energy sources7. However, OA perturbs mitochondrial homeostasis and activity, 

causing mitochondria to rely more on lipids leading to lipid accumulation8. This marked sign of 

perturbed mitochondrial homeostasis leads to elevated reactive oxygen species, increased nitric 

oxide production, and a compromised stress-response9-11. Additionally, several other key pathways 

and metabolic mechanisms are dysregulated and have been implicated in OA-induced cartilage 

degeneration including increased oxidative stress, cytokine-induced inflammation, matrix 

catabolism, and calcificationð which compound to trigger chondrocyte hypertrophy and death12. 

Contrary to the historical view of dominant anaerobic glycolysis in chondrocytes, recent studies 

provide evidence that chondrocytes adapt to undergo aerobic glycolysis, also known as the 

Warburg effect (Figure 1). Here, the rate of glucose uptake is increased, lactate is preferentially 

produced even in when oxygen is present, reducing the cellôs reliance on mitochondrial respiration 

as a result of dysfunction6.  

The impact of these metabolic mechanisms during OA progression is substantial. As 

chondrocytes increase glycolytic dependence on ATP production, TCA cycle activity also 

increases13-15.  These TCA activity increases may produce amino acids as precursors for the 
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synthesis of proteins, such as collagen, to either repair the damaged matrix or to serve as an 

alternate source for ATP generation to mitigate oxidative damage16 (Fig. 2.3). Amino acid 

metabolism changes in human OA cartilage, where glycine and alanine are downregulated as OA 

progresses17. Many studies of synovial fluid also detect perturbed levels of amino acids and 

associated metabolic pathways in OA. These metabolic changes are hypothesized to exist in joint 

tissues other than cartilage. We will explore this relationship later in the review.  

 

Figure 2.3. Metabolic entry points where amino acids can serve as alternative sources for energy 

generation. Generation of the major energy currency, adenosine-triphosphate (ATP), is reliant on 

the tricarboxylic acid (TCA) cycle. Here, amino acids can enter directly through TCA cycle 

intermediates and be further oxidized and converted into energy. Moreover, when amino acids 

enter, substrates required for the electron transport chain ï NADH, FADH2 ï are generated.   
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Unlike many cells, chondrocytes have ample lipid stores, with linoleic, oleic, and palmitic 

acids representing 85% of the total stored fatty acids18. Furthermore, cartilage has two potential 

sources of lipid transport from SF and subchondral bone19 making lipid metabolism an important, 

but relatively unstudied, avenue of investigation related to cartilage homeostasis and OA 

pathophysiology. Previous studies find that lipid-associated metabolic changes precede 

histopathological changes20. Arachidonic acid (AA), a type of ɤ-6 polyunsaturated fatty acid 

(PUFA), is typically low in concentration in healthy cartilage but increases as OA progresses. 

Accumulation of AA in diseased cartilage has strong proinflammatory and catabolic effects which 

further exacerbates metabolic imbalances and cartilage damage21. This is further supported by the 

positive association between levels of AA and cartilage degeneration22.  

In summary, the landscape of OA involves a complex interplay of metabolic shifts within 

articular cartilage. These shifts encompass elevated glycolysis, mitochondrial alterations, and an 

increase in TCA cycle activity. Additional investigation into the use of different bioenergetic fuels, 

like amino acids and lipids, may improve our understanding of metabolic dysfunction in early- and 

late-stage OA. Collectively, these multifaceted changes contribute to the intricate progression of 

OA at the cartilage level and highlight the need for additional experiments studying how cartilage 

metabolism is affected during OA pathogenesis.  

Bone 

Bone, an integral and dynamic component of synovial joints, not only supports cartilage 

but also maintains joint homeostasis. However, the role of bone in OA has only recently been 

recognized. Anomalies in mineralization commonly result in OA-defining characteristics, 

including sclerosis, osteophyte formation, and bone marrow lesions23, 24. At the cellular level, OA 
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pathogenesis in bone is associated with altered morphology, disrupted metabolic regulation, and 

apoptosis of bone cells. Coordination of osteoclast, osteoblast, and osteocyte bioenergetics is 

paramount to maintaining healthy bone.  When this coordination is disrupted, there are broad 

systemic implications that contribute to the development of skeletal diseases like OA.  

Osteocytes, the most abundant cell type in bone, are crucial for maintaining bone integrity 

and homeostasis by supporting bone remodeling, mechanotransduction, and mineralization. Their 

pivotal role is key to the dysfunction in OA-affected bone, resulting in abnormalities spanning 

multiple levels: altered lacunae morphology at the tissue level, irregular osteocyte activity, and 

changes in protein expression at the molecular level25. Despite this, relatively few studies have 

been directed toward understanding osteocyte metabolism in the context of OA. Recent studies 

illuminate the connection between lipid metabolism, general mitochondrial function, and 

osteocytes26-28. After the liver, bone serves as the second primary organ for lipid uptake. It is 

plausible that osteocytes are heavily fueled by lipids. Therefore, any disruption could potentially 

contribute to OA pathogenesis. Notably, saturated fatty acids consumed via diet (i.e., lauric, 

myristic, palmitic, stearic acid) are associated with osteocyte apoptosis, potentially suggesting a 

role in OA-related osteocyte death28. Furthermore, mitochondrial respiration is greater in 

osteocytes compared to other bone cell types, with variations in content and activity that depend 

on regional bone location27. Specifically, osteocytes near the periosteal surface have more 

mitochondria with high activity levels compared to those near the endocortical surface that are less 

active26. Taken together, the diverse role of lipids and changes in mitochondrial dynamics may be 

important to OA-induced metabolic disturbances. 
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Osteoclastsð responsible for bone resorptionð contribute to whole-body calcium 

homeostasis and are regulated by numerous molecular signaling pathways like the 

OPG/RANKL/RANK system29. Like osteocytes, osteoclasts depend on mitochondrial respiration 

for differentiation and function. OPG/RANKL/RANK stimulates mitochondrial biogenesis 

through the upregulation of Ppar-ɔC and NF-KB signaling30-32. Moreover, the observed 

upregulation of osteoclastic activities in OA is believed to be modulated by sclerostin and the 

OPG/RANKL/RANK system25, 29. Beyond mitochondria, glucose is also a critical energy source 

and plays a pivotal role in osteoclast activity by facilitating resorptive functions through aerobic 

glycolysis31, 33, 34. The combination of both glycolytic and oxidative energetic routes is essential, 

yet further research is needed to unveil the specific details between these mechanisms and OA 

development.  

Osteoblastsðresponsible for bone tissue formationðplay a critical role in bone pathology. 

These cells primarily utilize aerobic glycolysis, where lactate production is favored over pyruvate 

oxidation despite sufficient oxygenation. Data suggest that as much as 80% of osteoblast energy 

is produced from this pathway31. Pathways like parathyroid hormone (PTH) and Wnt/b-catenin 

signaling influence glucose metabolism, impacting both glycolysis and mitochondrial 

respiration35. Specifically, using an Igf1 receptor knockout model, PTH stimulates glucose 

consumption, lactate production, and alters glucose flux through induction of Igf signaling which 

activates mTORC2 to enhance glycolytic enzyme abundance36. PTH can also divert glucose-6-

phosphate to the pentose phosphate pathway for potential nucleotide synthesis and to limit 

pyruvate entry into the TCA cycle (Figure 1). Bypassing the TCA cycle by converting glucose to 

lactate is not energetically efficient. However, aerobic glycolysis offsets reactive oxygen species 
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generated when performing oxidative phosphorylation and reduces TCA cycle intermediates 

(citrate, acetyl-CoA) that influence epigenetic modifications during osteoblast differentiation31.  

Wnt/ȸ-catenin signaling coordinates osteoblast metabolism to meet energy demands 

required for bone formation and affects fatty acid utilization through receptors like LRP5, LRP635, 

37, and C3638, 39. Importantly, C36 is crucial for lipid transport into osteoblasts. Receptor mutations 

disrupt downstream fatty acid utilization, later impacting bone volume and fat mass--highlighting 

their importance in coordinating bone metabolism. Additionally, Wnt/ȸ-catenin signaling 

modulates the expression of essential genes for bone matrix proteins, like osterix and Runx2, 

which are increased in OA, indicating intense osteoblastogenesis40, 41. Moreover, OA progression 

shifts bone homeostasis: increased remodeling is observed in early OA compared to a combination 

of decreased resorption and increased formation later OA41, 42. These abnormalities, coupled with 

reduced mineralization, contribute to the altered bone architecture observed in OA.  

Synovial Fluid 

The synovial joint cavity is filled with SF that directly contacts many joint tissues (i.e., 

cartilage, ligaments, meniscus, synovium) that secrete assorted compounds and intermediates into 

the cavity. The mechanical role of SF is to support low friction between articular cartilage surfaces 

by lubricating the joint. Three main components of SF that promote lubrication include lubricin43, 

hyaluronic acid (HA)44, and phospholipids (PL)45. Alterations in composition and concentration 

of these molecules lead to insufficient boundary lubrication and cartilage damage46, 47. Considering 

the important role of SF, its proximity to other joint tissues, and the diverse pool of compounds it 

includes, the molecular content of this fluid directly reflects local changes within the joint. As 

such, it is a useful sample for investigating joint homeostasis and pathophysiology.  
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Several human and animal studies examine both healthy and diseased SF metabolism to 

better understand overall joint health, pinpoint disease-associated changes, and disentangle the 

effects of common OA risk factors. Of these, metabolic differences and mechanisms commonly 

detected between osteoarthritic and healthy SF are associated with amino acid, energy, 

inflammatory, steroid, and lipid-related pathways.  

Perturbed SF metabolism serves as an indicator of OA-induced metabolic changes in 

neighboring joint tissues. Lubricin depletion highlights the catabolic activity of OA and how it 

reduces chondroprotection43, 47. Additionally, HA molecular weight in SF is greatly reduced in 

OA. This is attributed to enzymatic breakdown and synovial membrane changes consequently 

impacting SF viscosity48. Numerous studies link a range of diverse fatty acids to OA progression 

and inflammation. ɤ-3-PUFAs reduce inflammatory markers and cartilage degeneration, while ɤ-

6-PUFAs increase these markers49.  ɤ-3 and ɤ-6 PUFA serum levels correlate with clinical 

features of OA like synovitis and histological disease severity18, 50. Arachidonic Acid (AA), a type 

of ɤ-6  PUFA, decreases as OA advances51, yet metabolites and pathways associated with AA are 

higher in OA SF than healthy SF52. Moreover, these same regulation patterns have been detected 

in OA cartilage and bone, suggesting that SF reflects metabolic status of nearby joint tissues.  

Synovial fluid contains the principal phospholipid classes: phosphatidylcholines (PC), 

lysophosphotidylcholines (LPC), and sphingomyelins (SM)46. These PL species help build and 

support cell membrane function, offer protection, and impact metabolic function. The relationships 

between SF, cartilage, and PLs are paramount to joint health. Cartilage has a ~20-um superficial 

layer that attracts outward-oriented PLs, creating a hydrophobic surface53 that enhances lubricated, 

pain-free movement45, 47. Previous studies find elevated PL levels in OA SF compared to controls 
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and between early and late-stage OA SF46, 47, 54, 55. These changes likely relate to damaged cartilage 

and worsened joint disease and may indicate the need to replenish this surface layer. Fibroblast-

like synoviocytes (FLS) may contribute, but further research is needed to understand the cellular 

sources of increased PL levels in OA SF and how lubrication safeguards cartilage. Additionally, 

the transport of fatty acids into the mitochondria for beta-oxidation, a process mediated by 

carnitines and associated metabolites, is perturbed during disease progression. Dysregulation of 

fatty acids, acylcarnitines, and the carnitine shuttle are found in both rheumatoid arthritis (RA) and 

OA56-58.   

Amino acids, including proline, arginine, serine, and asparagine have been detected in SF 

and linked to OA. Dysregulation of these amino acids and related pathways may reflect energy 

usage and protein synthesis in tissues like cartilage and bone to counteract OA-related degradation 

(Figure 3). Notably, SF asparagine is higher in human OA compared to RA59. In a sheep study of 

post-injury SF changes, serine and asparagine were initially detected but decreased over time. 

Proline, derived from arginine, contributes to collagen synthesis and both have been implicated in 

OA development through analysis of human SF56, 59 and cartilage60 from OA patients. Similarly, a 

mouse model of post-injury SF changes found both amino acids at high concentrations initially, 

tapering over time. Hence, arginine and proline levels in SF may (1) indicate disrupted joint tissue 

metabolism and (2) offer protective effects due to their relationship with collagen synthesis.  

Synovium 

The synovium is a thin connective tissue separating the joint capsule and cavity. It contains 

1-3 layers of specialized columnar fibroblast-like synoviocytes (FLS) and macrophages. This 

dynamic tissue serves as a major source of SF components like lubricin and HA61. It provides 
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essential nutrients, MMPs, and maintains anabolic and catabolic activities for proper joint function. 

Synovial membrane permeability controls the flow of metabolites between the joint capsule and 

cavity, allowing growth factors and cytokines to diffuse through while retaining HA and lubricin62, 

63. OA-associated inflammation alters synovium permeability, causing the release of joint tissue 

breakdown products into the cavity. Lining cells activate endothelial cells promoting the formation 

of new blood vessels and infiltration of cytokines and leukocytes. This influx of immune cells 

results in synovial hyperplasia, fibrosis, angiogenesis, and downstream phenotypic shifts in other 

joint tissues and chondrocyte-related cell types64, 65. Consequently, synovial inflammation (i.e., 

synovitis) is common in OA patients and correlates with radiographic progression of knee OA66.  

Under normal conditions, the synovium primarily uses both glycolysis and oxidative 

phosphorylation for ATP production. However, inflammatory stimuli and other stresses alter 

glucose metabolism via glucose transporter 1 to accommodate the increased demand for ATP. 

Comparing OA and RA fibroblast-like synoviocytes, fatty and organic acid-related metabolites 

were elevated in OA, influencing glycolysis, pentose phosphate pathway, and amino acid 

metabolism67. Such changes likely reflect inflammation and hyperplasia experienced during OA, 

but further investigation is required.   

Cytokines and different lipid species are altered in OA synovium and are proposed to 

regulate synovial inflammation. Levels of AA, stearic acid, and oleic acid are elevated in OA 

synovium compared to healthy controls suggesting altered fatty acid metabolism which could 

explain fatty acid accumulation observed in OA cartilage68. Prostaglandins, a type of eicosanoid 

derived from AA, are released in the early stages of inflammation resulting in the recruitment and 

activation of immune cells and other lipid species like PLs69. Comparing hyperplastic synovial 



56 

 

tissue between OA and healthy patients, PCs were the most variable between diseased states and 

were notably enriched in OA samples70. The activation and regulation of PC synthesis is influenced 

by IL-1ɓ signaling in the FLS in OA synovium71. Moreover, synovial IL-1ɓ signaling decreases 

aggrecan expression72, collagen synthesis in chondrocytes73, and regulation of proteolytic enzymes 

like MMP-1374 and ADAMTS-475. Other studies find enriched PC concentration in OA SF46. 

Taken together, the increased levels of PCs due to IL-1ɓ signaling-driven PC synthesis in OA 

synovium highlights the complex interplay between the synovium, SF, and the entire joint.  

Plasma/Others 

In recent years, extensive efforts sought  biomarkers of OA that serve as indicators of 

pathogenesis and disease progression. Among these, only a few studies explored the association 

between plasma and SF in OA. Identification of SF surrogates in plasma would be a major advance 

because SF harvest is challenging. To validate this, one study obtained blood plasma and SF from 

OA patients to investigate associations and correlations between metabolites in each sample type76. 

Highly correlated metabolites and pathways between plasma and SF may indicate systemic 

metabolic regulation. These involve various PC and SM species and general lipid metabolism. 

Moderately correlated metabolites and pathways between sample types include amino acid 

metabolism, urea cycle, TCA cycle, energy metabolism, and carbohydrate metabolism that suggest 

localized metabolism within the SF joint space76.  

Lipid profiles of both serum and SF are potential predictors of OA progression including 

synovitis and OA severity77. Specifically, serum ɤ-6 PUFAs positively correlate with joint 

degeneration and systemic inflammatory cytokines, while saturated fatty acids negatively correlate 
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with joint degradation. Plasma ɤ-3 and ɤ-6 PUFAs are positively associated with synovitis77, 

suggesting these lipid species plays a role in structural changes during OA.  

In plasma alone, a handful of studies examine the relationship between amino acid 

concentration and OA. There are low levels of anti-inflammatory amino acids, like asparagine and 

arginine, in serum from OA patients78, 79. Arginineôs metabolic versatility allows it to be 

metabolized either in the urea cycle, serving as a precursor to nitric oxide76, 80 ð an OA-related 

catabolic factorð or catabolized to produce other intermediates like ornithine, a crucial precursor 

for collagen that also increases in OA patients. Hence to repair damaged cartilage, arginine may 

also be catabolized during OA progression, giving rise to ornithine via the ornithine pathway to 

foster downstream collagen production. In addition to amino acid metabolism, lipid metabolism 

and concentrations of AA and PLs (i.e., LPCs, PCs) are altered in plasma from OA patients. 

Notably, lipid concentration further differentiates OA patients with more moderate disease from 

those in the early stages of OA81. 

Future Directions 

While many studies provide a knowledge base for the metabolism of musculoskeletal 

tissues affected by OA, additional research is needed to compare multiple tissues synchronously 

and better understand OA as a disease of the whole joint. Moreover, it is crucial to recognize that 

numerous OA risk factors, such as age, obesity, diet, joint loading, and others, influence 

metabolism. Obesity, the most modifiable OA risk factor, affects OA pathogenesis through 

excessive loading, altered biomechanics, and cytokine dysregulation82. Previous studies explored 

the relationship between obesity and OA in both weight-bearing and non-weight bearing joints, 

suggesting metabolism contributes to OA development in obese individuals83, 84. Thus, weight loss 
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interventions, including both physical activity and dietary changes, are recommended as they have 

demonstrated efficacy in alleviating OA symptoms. Beyond obesity, females often experience 

more severe OA, potentially attributed to hormonal differences85. Collectively, patient-specific 

risk factors and lifestyle significantly influence metabolism, underscoring the need for further 

investigation into the intricate relationship between OA, its development, and metabolism.    

Conclusions 

OA is a whole joint disease that affects articular cartilage, bone, synovium, and other 

crucial tissues and structures. Metabolic homeostasis of each component is paramount to 

maintaining joint health and when perturbed, the joint is negatively influenced throughout. 

Dissecting musculoskeletal tissue metabolism and unraveling the complex biochemical interplay 

between tissues, provides a profound perspective for comprehending the intricacies of OAôs 

development and progression (Figure 2). Moreover, exploring novel metabolic perturbations 

within and between tissues provides novel avenues for preventative measures and interventions to 

improve the quality of life of OA patients. While this review provides a broad perspective of OA 

metabolism, expansion of these studies may provide additional mechanistic insight to better 

characterize the metabolic landscape of osteoarthritis. 

Abbreviation List 

OA = osteoarthritis; SF = synovial fluid; ECM = extracellular matrix, ATP = adenosine 

triphosphate; TCA = tricarboxylic acid; AA = arachidonic acid; PUFA = polyunsaturated fatty 

acid; ALK = activin receptor-like kinase; SBP = subchondral bone plate; HA = hyaluronic acid; 
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PL = phospholipid; PC = phosphatidylcholine; LPC = lysophosphotidylcholine; SM = 

sphingomyelin; FLS = fibroblast-like synoviocytes; RA = rheumatoid arthritis 
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Highlights 

- Grades III and IV cartilage and bone exhibit distinct metabolic perturbations 

- Metabolic alterations across the joint during late-stage disease are not uniform  

- GAG homeostasis in each tissue is negatively influenced during late-stage OA 

- Metabolic perturbations in tissue and space reveal OA crosstalk 

Abstract 

Osteoarthritis is the most common chronic joint disease, characterized by the abnormal 

remodeling of joint tissues including articular cartilage and subchondral bone. However, there are 

currently no therapeutic drug targets to slow the progression of disease because disease 

pathogenesis is largely unknown. Thus, the goals of this study were to identify metabolic 

differences between articular cartilage and subchondral bone, compare the metabolic shifts in 

osteoarthritic grade III and IV tissues, and spatially map metabolic shifts across regions of 

osteoarthritic hip joints. Articular cartilage and subchondral bone from 9 human femoral heads 

were obtained after total joint arthroplasty, homogenized and metabolites were extracted for liquid 

chromatography-mass spectrometry analysis. Metabolomic profiling revealed that distinct 

metabolic endotypes exist between osteoarthritic tissues, late-stage grades, and regions of the 

diseased joint. The pathways that contributed the most to these differences between tissues were 

associated with lipid and amino acid metabolism. Differences between grades were associated with 

nucleotide, lipid, and sugar metabolism. Specific metabolic pathways such as glycosaminoglycan 

degradation and amino acid metabolism, were spatially constrained to more superior regions of 

the femoral head. These results suggest that radiography-confirmed grades III and IV osteoarthritis 

are associated with distinct global metabolic and that metabolic shifts are not uniform across the 
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joint. The results of this study enhance our understanding of osteoarthritis pathogenesis and may 

lead to potential drug targets to slow, halt, or reverse tissue damage in late stages of osteoarthritis.   

Introduction 

Osteoarthritis (OA) is the most prevalent joint disease affecting over 32.5 million US 

adults, costs the US $185 billion per year, and is the leading cause of disability worldwide 1-4. The 

current paradigm of OA pathogenesis suggests that disease results from metabolic imbalances at 

the tissue level where catabolic pathways outweigh anabolic pathways, resulting in abnormal 

remodeling and eventual breakdown of the articular cartilage (AC), subchondral bone (SB), and 

other surrounding tissues (e.g., synovitis) 5-7. Although it is well established that metabolic 

dysfunction is associated with OA, global metabolomic profiling is advantageous because it 

detects thousands of small-molecule intermediates called metabolites to generate a global 

biochemical endotype that is representative of the overall physiological status of the tissue 8.  

Applying this method to study AC and SB, additional insight into the role of metabolism in OA 

pathogenesis can be gained.  A single study has utilized metabolomic profiling to analyze 

osteophyte cartilage tissue compared to cartilage from the lateral posterior femoral condyle, which 

exhibits similarities to healthy cartilage, and found that metabolic pathways altered were 

suggestive of cartilage degradation (phenylalanine, arginine, and proline metabolism) and 

endochondral ossification (taurine and hypotaurine metabolism)9. Similarly, only one previous 

study has employed metabolomic profiling of OA sclerotic SB compared to non-sclerotic SB and 

found that metabolic pathways altered were suggestive of a high rate of bone turnover and matrix 

deposition (taurine and hypotaurine metabolism, amino acid metabolism, pyrimidine and purine 

metabolism) and regulation of inflammation and repair in damaged joints (sphingolipid 
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metabolism). Despite these recent advances, more data are needed to clarify the metabolic 

derangement in joint tissues10.  

It is well-known that OA is a whole-joint disease, with established interdependence and 

crosstalk between AC and SB. Despite this, no study to date has investigated metabolic shifts in 

diseased AC and SB in a single study. This tissue-centric approach is limiting because it fails to 

investigate the potential crosstalk between AC and SB in disease progression. Therefore, the 

primary goal of this pilot study was to investigate the altered metabolism in OA tissues (AC and 

SB) that compose the osteochondral unit (OU) to gain a greater understanding of aberrant 

metabolism in disease progression. To accomplish this, metabolites were extracted from grades III 

and IV OA tissues (AC and SB) and analyzed by liquid chromatography-mass spectrometry-based 

global metabolomic profiling to gain insight into tissue-specific metabolic differences, the OU, 

and metabolic differences associated with grade in late-stage OA.  

A secondary goal of this study was to spatially map metabolic shifts across the OA joint 

tissues to determine if metabolic dysfunction is uniform across the joint or locally constrained. 

Multiple studies have employed finite element models to spatially mapped the femoral head and 

found that load distribution is not uniform across the joint, showing that superior regions of the 

femoral head experience the greatest stress and cartilage contact pressure11-14. Furthermore, 

microscopic and macroscopic indicators of OA (e.g., chondrocyte clustering, AC lesions) are not 

uniformly distributed across diseased joint tissues15, 16. Therefore, we hypothesized that metabolic 

alterations would not be uniform across the diseased joint and that regions that experience the 

greatest mechanical stress may exhibit greater evidence of OA metabolic perturbations. The 

identification of disease-associated metabolic shifts that localize to specific regions of the joint 
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will provide insight into late-stage disease progression and may reveal new therapeutic targets for 

more spatially targeted treatments in the joint.  

Methods 

Patients and Femoral Head Samples 

Under Institutional Review Board (IRB) approval, femoral heads from end-stage OA 

(grade III or IV) joints were obtained with consent following total joint arthroplasty. OA grade 

was assigned based on the widely accepted Kellgren-Lawrence grading scheme which scores 

radiographic characteristics on a scale of 0-4 with scores increasing with progression of OA. 

Radiographic characteristics that are considered evidence of OA include: osteophyte formation, 

sclerosis of SB, presence or absence of bony formations, and joint space narrowing which is a 

surrogate for AC thickness and meniscal integrity17, 18. 

To investigate the relationship between spatial distribution of OU components and 

metabolism, femoral heads were separated into four quadrants for tissue collection. Quadrants 

were determined based on previous studies that have spatially mapped stress distributions across 

the femoral head (Fig. 3.1A-C)11-14. Femoral heads from end-stage OA joints exhibit substantial 

degradation, in particular in load-bearing regions. Therefore, it was not possible to obtain sufficient 

tissue from every quadrant for each femoral head. Femoral heads that did not have sufficient tissue 

collected from 6 out of the 8 quadrants (for both AC and SB) were excluded from this study. 

Therefore, while 18 femoral heads were initially obtained following total joint arthroplasty, 9 

femoral heads had sufficient tissue in the required number of quadrants to be included in this pilot 

study (n=3 grade III, n=6 grade IV, n=9 excluded). Partial participant information was provided 

with each donated femoral head including age, sex, height, and weight (Table 3.1).  
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Figure 3.1. Separation of femoral head into four quadrants based on anatomical position. (A) 

Anterior and (B) posterior viewing of a right-side femoral head. (C) Quadrants 1 and 2 (Q1-Q2) 

are anterior superior and inferior quadrants respectively and quadrants 3 and 4 (Q3-Q4) are 

posterior superior and inferior quadrants, respectively. Both AC and SB were obtained from all 

four quadrants, therefore, eight possible samples could be obtained per participant.  

Table 3.1. Partial patient information from total joint arthroplasty donors. Age = years. Height = 

inches (in). Weight = kilograms (kg). Side = right (R) or left (L) *Indicates missing patient 

information.  

 

Metabolite Extraction and Global Metabolomic Profiling 

via LC-MS 

100 mg of AC (n=31) and 100 mg of underlying SB (n=34) were shaved from each 

quadrant using the established quadrant system (Fig. 3.1 A-C). All AC shavings and SB punches 

Patient Age 

(years) 

Sex Height 

(inches) 

Weight 

(kg) 

Grade Side 

Patient 1 59 M 68 99.8 IV R 

Patient 2 41 M 73 82 IV R 

Patient 3 *  F 64 98 IV R 

Patient 4 44 M *  *  IV L 

Patient 5 67 M 79 118 IV R 

Patient 6 79 M 69 78 IV R 

Patient 7 70 M 71 73.8 III L 

Patient 8 70 M 70 *  III L 

Patient 9 69 F 71 *  III L 
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were submerged in 1 mL of 3:1 methanol:water (Sigma Aldrich, St. Louis, MO) because methanol 

is miscible with water allowing efficient extraction of lipophilic and hydrophilic metabolites. 

Moreover, it can be easily removed via vacuum concentration as it is highly volatile. Next, all 

samples were and homogenized using a tissue grinder (SPEX SamplePrep, Metuchen, NJ) for 15 

second increments until fully homogenized. Samples were centrifuged at 500 x g for 10 minutes 

to remove cells and debris. The supernatant was collected and 100 mL of 4:1 methanol:water was 

added to extract metabolites for 30 minutes at -20̄ C prior to centrifugation at 16100 x g for 5 

minutes. A vacuum concentrator (Savant AES 1010, ThermoFisher Scientific, Waltham, MA) was 

used to evaporate solvent from the supernatant, and the dried pellet was resuspended with 500 mL 

of 1:1 acetonitrile:water (Sigma Aldrich, St. Louis, MO) for 30 minutes at -20̄ C prior to 

centrifugation at 16100 x g for 5 minutes. Solvent was evaporated from supernatant by vacuum 

concentration and the dried pellet was resuspended with 1:1 water:acetonitrile for liquid 

chromatography-mass spectrometry (LC-MS) analysis.  

Following metabolite extraction, all samples were analyzed by liquid chromatography-

mass spectrometry (LC-MS) analysis. Specifically, extracts containing lipid- and water-soluble 

metabolites were analyzed in positive mode using an Agilent 1290 UPLC system coupled to an 

Agilent 6538 Q-TOF mass spectrometer (Agilent, Santa Clara, CA). Separation of metabolites was 

achieved using a Cogent Diamond Hydride HILIC column (150 x 2.1 mm) (MicroSolv, 

Eatontown, NJ) and optimized gradient elution method to separate and elute polar metabolites 

including polar lipids. Spectra were consequently processed and analyzed as previously 

described19-21.  
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Statistical and Pathway Analyses  

Obtained MS1 data consisting of mass-to-charge ratios (m/z), metabolite abundances, and 

retention times were processed using Agilent Masshunter Qualitative Analysis software and MS 

Convert. All data were then exported and converted using XCMS. Next, data were log transformed 

to correct for non-normal distribution and autoscaled (mean centered and divided by standard 

deviation of each variable). All statistical analyses were conducted in MetaboAnalyst 22.  To 

visualize and analyze differences between groups, statistical analyses employed included 

unsupervised multivariate hierarchical cluster analysis (HCA) and principal component analysis 

(PCA), supervised partial least-squares discriminant analysis (PLS-DA), and univariate fold 

change analysis.  Volcano plot analysis, which combines both fold change and statistical 

significance, was also performed. Here, false discovery rate (FDR) corrections using the 

Benjamini-Hochberg method were applied to correct for multiple comparisons and a metabolite 

features significance threshold of 0.05 was used. HCA was visualized as a heatmap to identify 

populations of co-regulated metabolites. Populations of differentially expressed metabolite 

features were mapped to metabolic pathways using pathway enrichment analyses using the 

Functional Analysis module in MetaboAnalyst. Pathway library Kyoto Encyclopedia of Genes and 

Genomes (KEGG) was used to match metabolite features to putative metabolite identifications 

(mass tolerance: 5 ppm, positive mode). Pathway significance was determined using an FDR-

corrected a prior threshold of p < 0.05.  
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Results 

Osteochondral Unit Components are Metabolically Distinct 

 In total, 1,570 metabolite features were detected by LC-MS in both diseased AC (n=31) 

and SB (n=34) collected from grade III and IV OA patients. To investigate if the metabolome of 

OU components were metabolically distinct, unsupervised (HCA, PCA) and supervised (PLS-DA) 

multivariate statistical analyses were performed (Fig. 3.2 A-C). HCA displayed nearly perfect 

clustering between AC and SB samples (Fig. 3.2 A) and PCA showed minimal overlap between 

the profiles of each tissue. (Fig. 3.2 B). Similarly, PLS-DA showed distinct separation between 

AC and SB (Fig. 3.2 C). To further visualize OU metabolic endotypes and identify unique 

populations of statistically significant metabolite features, fold change and volcano plot analyses 

were performed. Fold change analysis identified 360 metabolite features that had higher 

concentrations in AC compared to SB, whereas 384 metabolite features had higher concentrations 

in SB compared to AC (Fig. 3.2 D, Supplemental Table 3.1). Furthermore, volcano plot analysis 

considers significance (FDR-corrected p-value < 0.05) and revealed that 318 metabolite features 

were significant and expressed in higher concentrations in AC compared to SB, and 372 metabolite 

features were significant and expressed in higher concentrations in SB compared to AC (Fig. 3.2 

E).  
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Figure 3.2. Osteochondral unit components, articular cartilage and subchondral bone, have 

distinct metabolic endotypes. In total, 1,517 metabolite features were detected across all AC and 

SB samples (n=31 AC, n=34 SB, n=65 total) and were assessed using multivariate statistical 

analyses. (A) HCA revealed the metabolomes of each tissue, AC and SB cluster together. (B) 

PCA visualized overall variation within the dataset and revealed minimal overlap between AC 

and SB cohorts. Principal components 1 and 2 accounted for 34.8% of the variation of data. (C) 

PLS-DA showed perfect clustering with no overlap of OU components, with components 1 and 2 

accounting for 26% of the variation within the dataset. (D) Fold change analysis identified 360 

metabolite features with a FC > 2 that were higher in AC samples compared to SB, whereas 384 

metabolite features with a FC < -2 were higher in SB compared to AC. Fold change ratio: 

AC/SB. (E) Volcano plot analysis identified 318 metabolite features that were higher in AC 

compared to SB with a FC > 2 and a p-value < 0.05. Conversely, 372 metabolite features that 

were higher in SB compared to AC had a FC < -2 and a p-value < 0.05. The colors in A-F 

correspond to osteochondral unit components: orange ï articular cartilage (AC), blue ï 

subchondral bone (SB).  

Next, statistically significant metabolite features identified by fold change and volcano plot 

analyses underwent pathway enrichment analysis. Metabolite features that had the highest 

concentration in AC, compared to SB, were involved in ubiquinone biosynthesis, porphyrin 
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metabolism, and lipid metabolism (arachidonic acid metabolism, glycosphingolipid metabolism) 

(Table 3.2, Supplemental Table 3.2). Conversely, metabolite features involved in amino acid 

metabolism (alanine, aspartate, glutamate, valine, leucine, isoleucine), nucleotide metabolism 

(pyrimidine metabolism, aminoacyl-tRNA biosynthesis), and energy metabolism (TCA cycle) 

were highest in concentration in SB compared to AC (Table 3.2, Supplemental Table 3.2). 

Table 3.2. Metabolic pathways associated with articular cartilage and subchondral bone 

identified by fold change and volcano plot analyses. All pathways listed have a FDR-corrected 

significance level < 0.05. Articular cartilage = AC. Subchondral bone = SB. 

 

Changes in Metabolic Profiles Correspond to Radiography-

Confirmed Grade of OA 

To examine if metabolic differences exist between grade III and IV OA OU tissues, a four-

group comparison (grade III AC, grade IV AC, grade III SB, grade IV SB) was performed. HCA 

showed clustering of tissues within their respective cohorts (Fig. 3.3 A). Specifically, both grades 

of AC cluster together as well as both grades of SB with near perfect separation within grade (Fig. 

3.3 A). PCA was then used to analyze the variation amongst the four groups and visualize their 

metabolomes. Clear separation was observed between tissues and tissue grade, with minimal 

overlap observed between cohorts (Fig. 3.3 B). PLS-DA was used to further examine the four 

groups, with some overlap observed between cohorts (Fig. 3.3 C).  

Tissue Pathway 

AC Porphyrin metabolism 

  Arachidonic acid metabolism 

  Glycosphingolipid biosynthesis  

  Ubiquinone biosynthesis 

SB Alanine, aspartate and glutamate metabolism 

  Valine, leucine and isoleucine degradation 

  Pyrimidine metabolism 

  Aminoacyl-tRNA biosynthesis 

  Citrate cycle (TCA cycle) 
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Finally, a median intensity heatmap analysis was performed to visualize overall global 

metabolomic profiles to reveal patterns of co-regulated and differentially expressed metabolite 

features. Using ward clustering, clusters of metabolite features were identified and then subjected 

to pathway enrichment analyses where metabolites features were mapped to metabolic pathways 

(Fig. 3.3 D). Metabolite features that had higher concentration in grade III AC mapped to the 

pentose phosphate pathway and lysine degradation (Fig. 3.3 D, Cluster 2, Table 3.3, Supplemental 

Table 3.3). Conversely, metabolite features higher in grade IV AC mapped to glycosaminoglycan 

(GAG) degradation, biosynthesis of unsaturated fatty acids, and ubiquinone biosynthesis (Fig. 3.3 

D, Cluster 1, Table 3.3, Supplemental Table 3.3). Metabolite features that were higher in 

concentration in grade III SB mapped to amino acid metabolism (valine, leucine, isoleucine, 

alanine, aspartate, glutamate), the TCA cycle, and pantothenate and CoA biosynthesis (Fig. 3.3 D, 

Cluster 3, Table 3.3,  Supplemental Table 3.3). Finally, metabolite features that were higher in 

grade IV SB mapped to porphyrin metabolism, primary bile acid biosynthesis, and GAG 

degradation (Fig. 3.3 D, Cluster 4, Table 3.3,  Supplemental Table 3.3). Therefore, a shared 

pathway between grade IV tissues, both AC and SB, was GAG degradation. 
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Figure 3.3. Osteochondral unit component metabolism reflects osteoarthritis grade. (A) HCA 

displayed that osteochondral unit components (i.e., AC and SB) cluster together, and samples 

that differ by OA grade (i.e., III, IV) also mostly cluster together. (B) PCA visualized overall 

variation within the dataset and revealed that the metabolomes of grade III and IV AC and SB are 

metabolically distinct from each other, with greater metabolic differences exhibited between 

grade III and grade IV SB as shown my minimal overlap. Principal components 1 and 2 

accounted for 34.8% of the variation within the dataset. (C) PLS-DA revealed partial separation 

between grade III and IV AC and SB where components 1 and 2 accounted for 25.4% of the 

variation within the dataset. (D) Median metabolite intensity heatmap analysis revealed distinct 

metabolic endotypes across all groups and clusters of co-regulated metabolites. Clusters of co-

regulated metabolites (1-4) outlined in black were selected and mapped to metabolic pathways. 

The colors in A-D correspond to: articular cartilage grade III ï yellow, articular cartilage grade 

IV ï pink, subchondral bone grade III ï green, subchondral bone grade IV ï blue.  Articular 

cartilage = AC. Subchondral bone = SB. 
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Pairwise comparisons were also performed to investigate the metabolomes of samples that 

differ by tissue (grade III AC vs. grade III SB; grade IV AC vs. grade IV SB) and OA grade (AC 

grade III vs grade IV; SB grade III vs. grade IV). Pairwise comparisons revealed distinct 

metabolomes between tissues and OA grade (Fig. 3.4, 3.5; Supplemental Fig. 3.1, 3.2; Table 3.3, 

Supplemental Tables 3.4-3.7). The results of pairwise comparisons are further discussed in the 

Supplemental Results. Overall, the results of pathway enrichment analyses of fold change, volcano 

plot, and median metabolite intensity heatmaps from pairwise and multigroup comparisons 

strongly suggest that the metabolic endotypes of OU components reflect OA grade (Table 3.3).  
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Figure 3.4. Grade of osteoarthritis influences the metabolome of articular cartilage. (A) HCA 

showcased that the metabolomes of grade III and IV AC are distinct from one another, as shown 

by clustering of most samples within their respective cohorts. (B) PCA visualized overall 

variation within the datasets and found some overlap between AC grades. PC1 and PC2 

accounted for 38% of the variation within the dataset. (C) PLS-DA showed clear separation of 

AC grades. Components 1 and 2 accounted for 27.5% of the variation. (D) Fold change analysis 

identified 266 metabolite features that were higher in concentration in grade III AC compared to 

grade IV with a FC > 2, and 259 metabolite features that were higher in concentration in grade 

IV AC compared to grade III with a FC < -2.  Fold change ratio: AC grade III/AC grade IV (E) 

Volcano plot analysis identified 192 metabolite features higher in grade III AC compared to 

grade IV that had a FC > 2 and a p-value less than 0.05, whereas 160 metabolite features were 

higher in grade IV AC compared to grade III that had a FC < -2 and a p-value less than 0.05.  

The colors in A-F correspond to: grade III articular cartilage - yellow, grade IV articular cartilage 

ï pink. Articular cartilage = AC.  
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Figure 3.5. Subchondral bone metabolome reflects osteoarthritis grade. (A) HCA showcased that 

the metabolomes of grade III and IV SB are distinct from one another, as shown by correct 

clustering of all samples within their respective cohorts. (B) PCA found minimal overlap 

between SB grades where PC1 and PC2 accounted for 42.3% of the variation within the dataset. 

(C) PLS-DA showed clear separation of SB grades, with components 1 and 2 accounting for 41% 

of the variation within the dataset. (D) Fold change analysis identified 310 metabolite features 

that were higher in concentration in grade III SB compared to grade IV with a FC > 2 and 

identified 471 metabolite features that were higher in concentration in grade IV SB compared to 

grade III with a FC < -2. Fold change ratio: SB grade III/SB grade IV. (E) Volcano plot analysis 

identified 288 metabolite features higher in grade III SB compared to grade IV that had a FC > 2 

and a p-value less than 0.05, whereas 427 metabolite features were higher in grade IV SB 

compared to grade III that had a FC < -2 and a p-value less than 0.05. The colors in A-F 

correspond to: grade III subchondral bone ï green, grade IV subchondral bone ï blue. 

Subchondral bone = SB.    
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Table 3.3. A) Unique metabolic pathways associated with individual groups including grade III 

and IV articular cartilage, and grade III and IV subchondral bone. B) Metabolic pathways 

detected in more than 1 group. Pathways were identified from fold change, volcano plot, and 

median metabolite intensity heatmap analyses. All pathways listed have a FDR-corrected 

significance level < 0.05. Articular cartilage = AC. Subchondral bone = SB. G3 = grade III. G4 = 

grade IV. 

 

  

A) Pathways detected in 1 group 

Group Pathway 

AC G3 N-Glycan biosynthesis  

  Tryptophan metabolism  

  Pentose phosphate pathway 

  Galactose metabolism 

AC G4 Biosynthesis of unsaturated fatty acids  

  Arachidonic acid metabolism  

  Glycosphingolipid biosynthesis  

  Phosphatidylinositol signaling system 

SB G3 Pantothenate and CoA biosynthesis  

  Aminoacyl-tRNA biosynthesis  

  Purine metabolism  

  Primary bile acid biosynthesis 

SB G4 Pyrimidine metabolism  

  Histidine metabolism 

B) Pathways detected in more than 1 group   

AC G3, AC G4, SB G3, SB G4 Glycosaminoglycan degradation  

AC G3, AC G4, SB G4 Ubiquinone biosynthesis 

  Porphyrin metabolism  

AC G3, AC G4 Lysine degradation  

SB G3, SB G4 Citrate cycle (TCA cycle) 

  Alanine, aspartate and glutamate metabolism  

  Valine, leucine and isoleucine degradation  
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Metabolic Endotypes Differ Based on Spatial Location  

Lastly, AC and SB from late-stage OA participants that differ by spatial location were 

examined using a four-quadrant system (Fig. 3.1 A-C). Specifically, quadrants 1 and 2 

corresponded to anterior superior and inferior regions, whereas quadrants 3 and 4 corresponded to 

posterior superior and inferior regions, respectively. To investigate the metabolome of AC and SB 

quadrants, HCA and PLS-DA were used to visualize data. Both statistical tests displayed overlap 

between AC (Fig. 3.6 A-B) and SB (Fig. 3.6 D-E) quadrants which can be attributed to quadrants 

clustering by patient. 
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Figure 3.6. Spatial location of osteochondral unit tissues is reflected in metabolic endotypes. (A) 

HCA showed minimal separation between AC quadrants. (B) PLS-DA revealed that the 

metabolome of AC quadrants 1-4 are somewhat metabolically distinct from each other as shown 

by clustering of samples within respective cohorts although overlap is still evident. (C) Median 

metabolite intensity heatmap showcased metabolic endotypes by spatial location and identified 

clusters of co-regulated metabolites. Clusters of co-regulated metabolites (1-6) outlined in black 

were selected and mapped to metabolic pathways. (D) HCA showcased minimal separation 

between SB quadrants. (E) PLS-DA revealed clustering of samples within their respective 

cohorts although overlap is still evident. (F) Median metabolite intensity heatmap showcased 

metabolic endotypes by spatial location and identified clusters of co-regulated metabolites. 

Clusters of co-regulated metabolites (1-7) outlined in black were selected and mapped to 

metabolic pathways. The colors in A-F correspond to: articular cartilage quadrant 1 = yellow, 

articular cartilage quadrant 2 = orange, articular cartilage quadrant 3 = pink, articular cartilage 

quadrant 4 = red, subchondral bone quadrant 1 = seafoam green, subchondral bone quadrant 2 = 

teal, subchondral bone quadrant 3 = light blue, subchondral bone quadrant 4 = dark blue.  

Articular cartilage = AC. Subchondral bone = SB. 
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To identify clusters of co-regulated and differentially expressed metabolite features in AC 

quadrants, a median intensity heatmap analysis was performed. Clusters then underwent pathway 

enrichment analyses to identify biological pathways detected within and across quadrants (Fig. 3.6 

C, F, Table 3.4, Supplemental Table 3.8). Metabolite features that had higher concentration in 

quadrant 1 mapped to tryptophan metabolism, lysine degradation, ubiquinone biosynthesis, and 

porphyrin metabolism (Fig. 3.6 C, Clusters 2, 6, Table 3.4, Supplemental Table 3.8). Metabolite 

features that were higher in concentration in quadrant 2 were contained in cluster 1, but no 

statistically significant pathways were detected. Metabolite features with higher concentrations in 

quadrant 3 corresponded to mannose type O-glycan biosynthesis and N-glycan biosynthesis (Fig. 

3.6 C, Cluster 5, Table 3.4, Supplemental Table 3.8). Metabolite features that had higher 

concentrations in quadrant 4 mapped to linoleic acid metabolism and primary bile acid 

biosynthesis (Fig. 3.6 C, Cluster 3, Table 3.4, Supplemental Table 3.8). GAG degradation was 

detected in quadrants 1 and 3. Alanine, aspartate, and glutamate metabolism was detected in both 

quadrants 3 and 4 (Table 3.4, Supplemental Table 3.8). Taken together, data suggest spatial 

location influences, and somewhat reflects, AC metabolism during times of late-stage OA. 
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Table 3.4. A) Unique metabolic pathways associated with specific quadrants including grade III 

and IV articular cartilage quadrants 1-4. B) Metabolic pathways that were detected in multiple 

articular cartilage quadrants. Pathways were identified from clusters of co-regulated metabolites 

in a median metabolite intensity heatmap analysis and those listed have a FDR-corrected 

significance level of 0.05. Articular cartilage = AC. Q1-Q4 = Quadrants 1-4. 

 

Similarly, a median intensity heatmap analysis was performed to identify co-regulated and 

differentially expressed metabolite features in SB quadrants (Fig. 3.6F, Table 3.5, Supplemental 

Table 3.9). Metabolite features that were higher in concentration in quadrant 1 mapped to amino 

acid metabolism (tyrosine, histidine, phenylalanine, tryptophan, alanine, aspartate, glutamate, 

valine, leucine, and isoleucine), porphyrin metabolism, glutathione metabolism, retinol 

metabolism, folate biosynthesis, pyrimidine metabolism, ubiquinone biosynthesis, and GAG 

biosynthesis (Fig. 3.6 F, Clusters 2, 6, Table 3.5, Supplemental Table 3.9). Metabolite features that 

were higher in concentration in quadrant 2 mapped to lysine degradation (Fig. 3.6 F, Cluster 5, 

Table 3.5, Supplemental Table 3.9). Metabolite features higher in concentration in quadrant 3 

mapped to fatty acid degradation and phosphatidylinositol signaling (Fig. 3.6 F, Cluster 3, Table 

3.5, Supplemental Table 3.9). Metabolite features higher in concentration in quadrant 4 were 

contained in cluster 1, but no statistically significant pathways were detected. Pathways detected 

A) Pathways detected in 1 quadrant   

Quadrant Pathway 

AC Q1 Tryptophan metabolism 

  Lysine degradation 

  Ubiquinone biosynthesis 

  Porphyrin metabolism   

AC Q3 Mannose type O-glycan biosynthesis  

  N-Glycan biosynthesis 

AC Q4 alpha-Linolenic acid metabolism  

  Primary bile acid biosynthesis 

B) Pathways detected in more than 1 

quadrant 

  

AC Q1, AC Q3 Glycosaminoglycan degradation 

AC Q3 AC Q4 Alanine, aspartate and glutamate metabolism 
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in both quadrants 1 and 3 included purine, arginine, and proline metabolism (Table 3.5, 

Supplemental Table 3.9). Pathways detected in quadrants 1, 3, and 4 included aminoacyl-tRNA 

biosynthesis, pantothenate and CoA biosynthesis, and lipid metabolism (glycosphingolipid 

biosynthesis, GAG degradation, glycerophospholipid metabolism) (Table 3.5, Supplemental Table 

3.9). A pathway that was detected across all quadrants was primary bile acid biosynthesis (Table 

3.5, Supplemental Table 3.9). Like AC quadrants, SB samples that differ by spatial location exhibit 

distinct metabolic profiles.  

Table 3.5. A) Unique metabolic pathways associated with only one specific quadrant including 

grade III and IV subchondral bone quadrants 1-4. B) Metabolic pathways that were detected in 

more than 1 quadrant. Pathways were identified from clusters of co-regulated metabolites in a 

median metabolite intensity heatmap analysis and those listed have a FDR-corrected significance 

level of 0.05. Subchondral bone = SB. Q1-Q4 = Quadrants 1-4. 

 

A) Pathways detected in 1 quadrant   

Quadrant Pathway 

SB Q1 Glycosaminoglycan biosynthesis  

  Tyrosine metabolism 

  Folate biosynthesis 

  Phenylalanine metabolism  

  Retinol metabolism  

  Pyrimidine metabolism 

  Histidine metabolism 

  Glutathione metabolism   

  Porphyrin metabolism  

  Phenylalanine, tyrosine and tryptophan 

biosynthesis  
  Valine, leucine, and isoleucine metabolism 

  Alanine, aspartate and glutamate metabolism  

SB Q2 Lysine degradation 

SB Q3 Phosphatidylinositol signaling system 
 

Fatty acid degradation  

B) Pathways detected in more than 1 

quadrant 

  

SB Q1, SB Q2, SB Q3, SB Q4 Primary bile acid biosynthesis 

SB Q1, SB Q3, SB Q4 Aminoacyl-tRNA biosynthesis  
Pantothenate and CoA biosynthesis  

  Glycosphingolipid biosynthesis  

  Glycerophospholipid metabolism  

  Glycosaminoglycan degradation  

  Ubiquinone  biosynthesis  

SB Q1, SB Q3 Purine metabolism 

  Arginine and proline metabolism 
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Discussion 

To the best of our knowledge, this pilot study is the first study to perform global 

metabolomic profiling to study the OU components AC and SB and their spatial location in late-

stage OA samples. The goals of this study were to identify metabolic differences between OU 

tissues, examine metabolic endotypes associated with grade III and IV OU tissues, and spatially 

map metabolic differences across regions of AC and SB from OA hip joints. In brief, differences 

in metabolism between OU components were detected and suggest the osteoarthritic OU 

components may have different cellular energy requirements. Additionally, different metabolic 

themes were associated with each OA grade, and pathways like GAG degradation were detected 

in both OU components and in both grade III and IV samples. Finally, regions of the femoral head 

that experience peak stress had distinct metabolic endotypes from others. Taken together, this 

study provides evidence that LC-MS-based global metabolomic profiling can be used to study OA 

as a whole joint disease, revealing disease-associated metabolic shifts in OU tissues and spatially 

constrained metabolic shifts associated with disease progression.  

Global Metabolomic Profiling Detects Differences 

Between Articular Cartilage and Subchondral Bone   

               Global metabolomic profiling detected differences between OU components. Metabolite 

features higher in AC were associated with lipid metabolism (glycosphingolipid and arachidonic 

acid metabolism) and oxidative phosphorylation (ubiquinone biosynthesis). A previous study 

conducted by Seito et al., demonstrated the importance of glycosphingolipids in OA development: 

alterations to chondrocyte-derived glycosphingolipids caused an imbalance in chondrocyte-

homeostasis which contributed to the development of OA in transgenic mice23. Therefore, the 
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detection of imbalanced glycosphingolipid biosynthesis in AC supports the idea that 

glycosphingolipids are key regulatory components for AC that negatively influenced tissue health 

when imbalanced. Arachidonic acid is an unsaturated fatty acid, is associated with prostaglandin 

synthesis, and has been linked to OA pro-inflammatory responses, suggesting that disease 

associated metabolic shifts in AC are associated with prostaglandin generation for regulation of 

inflammation24-26. However, previous studies have primarily focused on this metabolic pathway in 

knee synovial fluid (SF) and its influence on joint lubrication and inflammation26-28. Thus, 

additional research is required to underpin the relationship between arachidonic acid metabolism 

at the hip joint and in other joints effected by OA.   

               Ubiquinones are electron carriers involved in oxidative phosphorylation; therefore, the 

detection of this pathway may suggest late-stage osteoarthritic AC requires higher ATP demand 

to support, or rebuild, degrading tissues but further investigation is required to underpin ATP 

demand during late-stage OA. Lastly, porphyrin metabolism is related to the production of heme, 

which is paramount to many biological processes. In a previous study, porphyrin was detected in 

high abundances in SF obtained from end-stage OA patients29. The detection of this pathway in 

diseased SF and AC in the present study, it is possible that this pathway is more dysregulated as 

OA progresses and metabolites in this pathway are secreted into the SF. However, further 

investigation is required to better understand the relationship between porphyrin metabolism, AC, 

and OA disease progression.  

               Metabolite features higher in SB were associated with amino acid metabolism (alanine, 

aspartate, glutamate, valine, leucine, and isoleucine metabolism), nucleotide-related pathways 

(pyrimidine metabolism and aminoacyl-tRNA biosynthesis), and energy pathways (TCA cycle). 
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Nucleotide-related pathways are important for DNA and amino acid synthesis30. Amino acids are 

the building blocks of proteins which are necessary structural elements of the bone extracellular 

matrix. Because osteophytes often form during late-stage OA, the detection of increased levels of 

amino acids and nucleotide-related pathways may reflect increased protein synthesis to support 

bone remodeling and subsequent osteophyte formation. An additional function of amino acids is 

to enter the TCA cycle to generate ATP. This may suggest that SB utilizes amino acids to generate 

ATP to help combat the breakdown and wear and tear of late-stage OA. A single study previously 

study also detected amino acid, energy, and nucleotide-related pathways in mouse bone, validating 

our findings in SB31. These findings suggest that osteoarthritic SB may have a higher cellular 

demand for nucleotides and amino acids for energy generation, protein synthesis, and bone 

deposition compared to AC. Taken together, detected pathway differences between AC and SB in 

the present study align with and support previous studies utilizing OA models and tissues. 

However, while the observed metabolic differences provide insight into OA in AC and SB, these 

differences cannot solely be attributed to OA disease progression as healthy controls were absent. 

Thus, observed differences may also reflect differences in physiology between AC and SB. Future 

work including healthy controls will confirm detected differences and attribute these differences 

to either physiology or OA disease progression.   

Distinct Metabolic Endotypes Correspond to Radiography-

Confirmed OA Grade 

Global metabolomic profiling of osteoarthritic grade III and IV AC and SB confirmed that 

metabolic changes occur during late-stage OA. Metabolite features that had the highest 

concentration in grade IV AC, compared to grade III AC, mapped to biosynthesis of unsaturated 

fatty acids, primary bile acid biosynthesis, pyrimidine metabolism, and histidine metabolism. 
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Conversely, metabolite features highest in grade III AC, compared to grade IV AC, mapped to 

pantothenate CoA biosynthesis and purine metabolism. Those highest in grade III SB compared 

to grade IV SB mapped to arachidonic acid metabolism, galactose metabolism, and 

glycosphingolipid biosynthesis. Conversely, metabolite features associated with arachidonic acid 

metabolism, galactose metabolism, and glycosphingolipid biosynthesis were highest in grade IV 

SB compared to grade III SB. GAG degradation was a statistically significant pathway that was 

detected across all groups.  

           Galactose metabolism was a metabolic pathway that was detected at statistically 

significant levels in only one group, grade III AC. Galactose is involved in many cellular processes 

including intracellular recognition, glycosylation, GAG synthesis, and can be used to derive 

cellular energy32, 33. Previous studies have investigated the role of galactose and its potential role 

in regulating chondrocyte activity and found that ATDC5 chondrogenic cells and chondrocytes 

cultured with different concentrations of galactose exhibited increased expression of cartilage 

matrix type II collagen, aggrecan, and extracellular matrix32. This may suggest that galactose 

promotes chondrogenesis, cartilage repair, and potentially regeneration. Thus, perturbations in 

galactose metabolism in OA AC may be attempting to combat degradation in the cartilage matrix 

and generate energy for matrix component synthesis due to the limited bioavailability of other 

energy sources during late-stage OA. A noteworthy pathway detected in grade IV AC samples was 

unsaturated fatty acid biosynthesis. Mono and polyunsaturated fats have been associated with 

reduced joint space width (JSW) in humans34 and increased cartilage degradation in mice35. 

Radiographic confirmation of grade III and IV OA is associated with a measurable reduction in 

JSW, with these results supporting supports previous findings that fatty acids influence the 
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pathophysiology of OA17, 36-38. Taken together, it is evident that acute metabolic differences exist 

between grade III and IV AC, however, further research is required to understand changes in 

metabolism as disease progresses from early-stage (grade I and II) to late-stage OA. 

               There is a large gap in knowledge surrounding OA metabolic alterations in SB. In this 

study, metabolite features involved in pantothenate CoA biosynthesis and purine metabolism 

exhibited the greatest alterations in grade III SB. Pantothenate CoA biosynthesis is related to 

vitamin B5 metabolism, functions as an essential cofactor for lipid synthesis, and can aid in 

controlling inflammation39, 40. The detection of this pathway may suggest SB is inflamed and/or is 

aiding in the synthesis of lipids. Metabolite features associated with purine metabolism were 

higher in grade III SB. Like pyrimidine metabolism, purine metabolism is important for DNA and 

amino acid synthesis, which may play a role in osteophyte formation in late-stage OA41, 42. 

Alternatively, products of purine metabolism (i.e., purine nucleotide adenosine) are key mediators 

in the purigenic signaling system, which plays an established role in mediating cell proliferation, 

differentiation, function, and death in chondrocytes and bone cells and has been previously linked 

to OA43-48.  

               Amongst grade IV SB metabolite features, statistically significant pathways detected 

included pyrimidine and histidine metabolism. Histidine has been previously linked to different 

types of arthritis (i.e., OA and rheumatoid arthritis). Sitton et al., examined free histidine levels in 

synovial fluid (SF) and serum in both OA and rheumatoid arthritis patients and found that that free 

histidine decreases in rheumatoid arthritis patients and increases in OA patients49. Although SF 

nor serum was obtained for histidine concentration analysis in our current study, the detection of 

dysregulated histidine metabolism in osteoarthritic SB in the present study supports previous 
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findings and suggests an involvement of histidine metabolism in late-stage OA SB.  Like grade III 

and IV AC findings, end-stage OA displays different metabolic perturbations between grade III 

and IV SB. Future work can generate, compare, and pinpoint metabolic perturbations that change 

overtime as disease progresses.  

               A statistically significant metabolic pathway detected in all four groups was GAG 

degradation. A known hallmark of OA is a loss of GAG chains of proteoglycans, leading to 

cartilage degradation50, 51. Measuring levels of GAGs helps gauge chondrocyte and overall 

cartilage health. Previous studies have studied GAG loss during OA progression by measuring 

GAG concentration in SF. Kulkarni et al., obtained grade I-IV SF from OA patients and measured 

GAG concentration using spectrophotometric dye binding assays and found that GAG 

concentration increased as OA grade increased, reflecting greater cartilage degradation52. These 

previous findings and the detection of altered GAG degradation in osteoarthritic AC in the study 

herein support the paradigm that GAGs are a key component of cartilage, reflect chondrocyte 

health, and are negatively influenced during disease.  

               GAGs are also a key component of bone where they monitor the activity of osteoclastic 

and osteogenic factors, regulate the bioavailability of these factors, are a key structural component 

of the extracellular matrix, and influence bone remodeling53. Mansouri et al., investigated GAGs 

and their role in bone remodeling by studying a specific proteoglycan, syndecan-2, and associated 

GAGs using a transgenic mouse model. Overexpression of syndecan-2 increased bone surface and 

mass because resorption was inhibited, increased bone marrow cell apoptosis, and decreased 

osteoblast and osteoclast precursor populations. These data suggest that GAGs may act as novel 

facilitators of crosstalk between bone remodeling cells. Considering the work of Mansouri et al., 
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and the detection of GAG degradation in this study, it is likely that underlying SB remodeling is 

impacted during late-stage OA. To our knowledge no study to date has assessed changes in 

metabolism across all grades of OA, therefore, generating metabolic profiles of all grades, as well 

as healthy tissues, could improve current understanding of GAG degradation and general 

metabolic changes relating to disease progression over time. 

Metabolism Reflects Spatial Location of Osteochondral 

Unit Components  

               It is well established that moderate mechanical loading is necessary for joint tissue 

homeostasis54-56 and that superior regions of the femoral head experience the greatest stress11-14. 

However, it remains unknown if crosstalk between OA OU components and metabolic 

disturbances across the joint are influenced by spatial location. To determine it metabolic shifts 

were spatially constrained to specific regions of the joint, AC and SB samples were taken from 

four quadrant locations (Fig. 3.1 A-C). We found that metabolic shifts were not uniform across the 

joint, with variations in metabolic pathway perturbations in each quadrant. Previous evidence has 

identified superior regions of the femoral head to experience peak stress during physiological 

loading, which corresponds to quadrants 1 and 3 (Fig. 3.1 A-C). In this study, metabolite features 

from quadrants that correspond to superior regions experiencing higher mechanical loads mapped 

to amino acid metabolism (alanine, aspartate, glutamate, lysine), porphyrin metabolism, and GAG 

degradation. The detection of amino acid metabolism in quadrants that experience peak stress may 

suggest that amino acids are utilized for energy-generation purposes and protein synthesis to 

maintain the structural integrity of the extracellular matrix. Given that GAG degradation is an 

established hallmark of OA, superior quadrants that experience the greatest stress also had the 

greatest evidence of metabolic alterations consistent with OA. Overall, the detection of metabolic 
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metabolite features and pathways associated with end-stage OA, such as GAG degradation, in 

regions that experience peak stress may lead to drug targets and improved treatments that are 

localized to specific regions of the joint to slow, or prevent, disease progression.  

Limitations 

This study is not without limitations. Firstly, the number of participants (n=9), and samples 

(n=65), used for this study is small. Secondly, incomplete participant information was provided 

(i.e., weight, age, sex) and radiographic scans were unable to be accessed to support OA grade 

assignment. Thirdly, there were uneven ratios of male to female participants and grade III to grade 

IV samples. Finally, the lack of healthy, grade I, and II OU tissues limit analyses and therefore 

limits conclusions.  

Conclusions 

To our knowledge, this is the first study to examine OU component metabolism in late-

stage osteoarthritis AC and SB. Our data demonstrate that differences in metabolism exist when 

comparing tissue components, metabolic endotypes reflect OA grade, and that metabolic 

perturbations experienced by the joint during late-stage disease are not uniform across the joint. 

Numerous statistically significant pathways were detected including energy and nucleotide-related 

pathways and those related to OU tissue homeostasis. It was evident that GAG homeostasis in OU 

components is negatively influenced during late-stage OA, as well as other metabolic pathways. 

Furthermore, these data support the notion that OA is a whole-joint disease, and that OU 

components, and their spatial location, should be examined to best address cartilage-bone crosstalk 

during disease and late-stage OA. By doing so, potential targets to slow, halt, or reverse disease 
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progression in localized regions of the joint may be identified to overall reduce the physical and 

economic burdens of OA. Expansion of this study may identify the role of the OU during each 

stage of disease progression to improve the current understanding of OA pathogenesis.  
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Abstract 

Osteoarthritis (OA) is a chronic joint disease with heterogenous metabolic pathology. To 

gain insight into OA-related metabolism, metabolite extracts from healthy (n=11) and end-stage 

osteoarthritic cartilage (n=35) were analyzed using liquid chromatography-mass spectrometry 

metabolomic profiling. Specific metabolites and metabolic pathways, including lipid- and amino 

acid pathways, were differentially regulated between osteoarthritis-derived and healthy cartilage. 

The detected alterations of amino acids and lipids highlight key differences in bioenergetic 

resources, matrix homeostasis, and mitochondrial alterations in OA-derived cartilage compared to 

healthy. Moreover, metabolomic profiles of osteoarthritic cartilage separated into four distinct 

endotypes highlighting the heterogenous nature of OA metabolism and diverse landscape within 

the joint between patients. The results of this study demonstrate that human cartilage has distinct 

metabolomic profiles between healthy and end-stage OA patients. By taking a comprehensive 

approach to assess metabolic differences between healthy and osteoarthritic cartilage, and within 

osteoarthritic cartilage alone, several metabolic pathways with distinct regulation patterns were 

detected. Additional investigation may lead to the identification of metabolites that may serve as 

valuable indicators of disease status or potential therapeutic targets. 

Introduction 

Osteoarthritis (OA) is the leading cause of disability worldwide. Since 1999, the number 

of global cases has increased by an astonishing 113%, equating to ~528 million individuals 

affected in 20191, 2. In the United States alone, 32.5 million adults have OA, costing $185 billion 

annually3-6. At the heart of OAôs insidious progression lies the gradual breakdown of articular 



109 

 

cartilage (AC) and other joint tissues. The imbalanced activity between matrix anabolism and 

catabolism contributes to the observed changes in AC, other tissues, and fluids affected by OA 

(i.e., underlying bone, synovium, synovial fluid). Previous studies have examined altered 

metabolism in various OA-associated tissues and their cell types, such as chondrocytes, to 

investigate disease-associated metabolic activity7-9. However, significant limitations of many 

studies are that they are performed in vitro and/or lack healthy human controls, thereby hindering 

a complete understanding of the role metabolism plays in OA development.   

Moreover, the complex nature of OA can manifest differently between individuals. 

Specifically, symptom severity, rate of progression, response to treatment, pain perception as well 

as other factors can vary from person to person10-12. Therefore, a ñone-size-fits-allò approach to 

the treatment and prevention of OA is limited. More recent studies describe OA as a group of 

symptoms encompassing multiple distinct phenotypes and endotypes rather than a single disease13. 

Previously, phenotype was defined as a single or collection of disease characteristics that explain 

differences between patients and their outcomes, such as symptom severity[11-13]. Conversely, 

endotype is defined functionally and pathologically by a molecular mechanism noting that 

different mechanisms can lead to the same manifestation, such as end-stage OA14. Examining OA 

phenotypes and endotypes may shed light on the epidemiological origins and development of OA, 

unveil biomarkers, and lead to targeted interventions for sub-populations of OA individuals, all of 

which have potential to improve patient outcomes.  

Metabolomics, the study of small molecule intermediates called metabolites15, is 

advantageous for generating and investigating OA metabolic endotypes because it detects 

thousands of metabolites.  This enables the generation of biochemical signatures that represent the 
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overall physiological state of the tissue. To our knowledge, two prior studies used a similar 

approach to examine synovial fluid metabolism from OA individuals. Here, researchers 

characterized different regulation patterns, or endotypes, based on detected differences in 

biochemical signatures between healthy and OA individuals16, 17. However, this same approach 

has yet to be applied to osteoarthritic cartilage. To begin filling these gaps in knowledge, we 

compared the metabolome of radiography-confirmed end-stage OA cartilage (Kellgran-Lawrence 

grades III and IV) with healthy cartilage using liquid chromatography-mass spectrometry (LC-

MS) metabolomics.  

Thus, the primary objective of this study was to identify disease-associated OA 

metabolomic profiles to shed light on the pathological mechanisms underlying OA. The secondary 

objective was to examine and classify endotypes of OA. Furthermore, we used tandem LC-MS 

(LC-MS/MS) for biochemical identification of key metabolites.  This has the potential to identify 

novel biomarkers and drug targets to slow, halt, or reverse OA progression. With this approach, 

we aimed to uncover specific metabolic endotypes and metabolite identities to serve as potential 

indicators of disease status or therapeutic intervention across sub-populations of OA individuals. 

Methods 

Articular Cartilage Sample Obtainment 

Under IRB approval, 35 femoral heads from end-stage OA patients were obtained 

following total joint arthroplasty from local musculoskeletal clinics. Partial patient information 

including age, sex, and BMI was provided (Supplemental Table 4.1). However, radiographic scans 

were not obtained due to IRB approval only permitting partial patient information to be shared. 
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Post-mortem cartilage samples were obtained from donors without joint disease (Articular 

Engineering) to serve as healthy controls for comparison. 

Metabolite Extraction and Mass Spectrometry Analysis 

Cartilage samples were shaved from the femoral head prior to metabolite extraction. All 

cartilage samples (n=35 OA, n=11 healthy) were extracted using a previously established 

protocol18. All cartilage samples were weighed prior to extraction to normalize metabolite intensity 

off cartilage weight. Notably, the weights of healthy cartilage consistently measured (100 mg), 

while the weights of OA cartilage were variable as they were obtained from end-stage OA patients 

who each had different amounts of intact cartilage (minimum = 16.8 mg, maximum = 223.3 mg, 

average = 73.0 mg). Next, cartilage shavings were submerged in 3:1 methanol:water and 

homogenized using a tissue homogenizer (SPEX Sample Prep 1200 GenoLyte, Fisher Scientific). 

Homogenization included 15 cycles of homogenizing for 20 seconds and resting for 2 minutes. 

Next, samples were briefly vortexed and stored at -20°C overnight to promote protein 

precipitation. The following day, samples were vortexed again, centrifuged for 10 minutes at 

16,100 g at 4°C, and supernatants were collected and dried via vacuum concentration. 

Dried supernatants were then resuspended with 1:1 acetonitrile:water, stored at -20°C for 

30 minutes, then centrifuged again for 10 minutes at 16,100 g at 4°C. Similarly, supernatants were 

dried via vacuum concentration and then prepared for liquid chromatography-mass spectrometry 

(LC-MS) by resuspending with 1:1 acetonitrile:water. Additionally, 4 pooled samples (n=1 

healthy, n=3 OA) were generated for identification purposes. For the healthy pool, 5 µL from each 

healthy extract were combined. For OA pools, 3 pooled samples were generated in the same way 

where 5 µL from 10 randomly selected OA extracts were combined per individual pool. 
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 Extracted cartilage, both healthy and OA, underwent mass spectrometry analysis as 

previously described19. In brief, an Aquity UPLC Plus interfaced through an electrospray 

ionization source to a Waters Synapt XS was used. A Cogent Diamond Hydride HILIC column 

(150 x 2.1 mm) at a flow rate of 0.400 µL/min was used to separate metabolites over a 19-minute 

elution gradient (A = 95/5% water/acetonitrile, B = 95/5% acetonitrile:water). Every 10 injections, 

blank samples containing mass spectrometry-grade water were injected to minimize spectral drift 

and assess LC-MS performance. Cartilage extracts and blank samples underwent standard LC-

MS, whereas pooled samples underwent liquid chromatography tandem mass spectrometry (LC-

MS/MS) at a constant high energy ramp of 30-50V for secondary ionization to derive metabolite 

identifications. All samples ï including cartilage extracts, pooled, and blanks ï were all ran at the 

same time consecutively.  

Statistical and Metabolomic Profiling 

LC-MS data, consisting of mass-to-charge ratios (m/z), relative metabolite abundance, and 

retention time, were processed using MSConvert20 and XCMS21. Prior to data analysis, metabolites 

associated with each cartilage sample were normalized by the pre-extraction recorded cartilage 

shaving weight. Previously established analysis pipelines were used19, 22, and executed in 

MetaboAnalyst23 where data underwent an integrity check to remove noise and avoid overfitting, 

interquartile range normalization, log-transformation, and autoscaling (mean-centered/standard 

deviation of each metabolite feature). In brief, hierarchical clustering analysis (HCA), principal 

component analysis (PCA), and partial least squares-discriminant analysis (PLS-DA) were used 

to visualize dissimilarities in metabolomic profiles between healthy and OA cartilage, as well as 

examine OA endotypes. T-test, fold change, and volcano plots were used to assess significance 
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and magnitude of change. Moreover, these populations of metabolite features were differentially 

regulated between groups and those identified by these tests underwent pathway enrichment 

analysis using MetaboAnalystôs Functional Analysis feature, which utilizes the mummichog 

algorithm to predict networks of functional activity from metabolite features of interest. The 

pathway library, Human MFN, was used as the primary reference library to match metabolite 

features to putatively identified metabolites (mass tolerance: 5 parts per million (ppm), positive 

mode, version 1). Significance for pathway analyses, and all other statistical tests, were determined 

using a false discovery rate (FDR)-corrected significance level of p < 0.05.  

Metabolite Identification 

A major hurdle in LC-MS-based metabolomics is metabolite identification24. To address 

this challenge, pooled samples were subjected to LC-MS/MS involving fragmentation allowing 

analysis of parent and daughter fragment ions. These data were manually analyzed to confirm 

metabolite identifications as follows. Firstly, all LC-MS/MS data from pooled samples were 

imported, peak picked, and aligned using Progenesis QI (Nonlinear Dynamics, Newcastle UK, 

version 3.0). Utilization of Progenesis improves efficiency of identifications and uses a 

computational framework that allows for the exploration of thousands of putative metabolite 

identifications across various databases. Here, the Human Metabolome Database (HMDB)25 was 

utilized to compare theoretical fragmentation patterns to the acquired fragmentation patterns of 

parent and daughter ions. For a metabolite identity to be deemed valid and subsequently 

investigated manually, we required identities to receive a fragmentation score and overall 

progenesis score greater than 12 and 60 out of 100, respectively. These score criteria are based on 

mass error, isotope distribution, and retention time. Once identified metabolites were narrowed 
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based on these set scores and parameters, they were matched against populations of LC-MS-based 

metabolite features distinguished by statistical analyses comparing OA and healthy cartilage, as 

well as OA endotypes. To minimize false identifications, a threshold of 10 ppm error between 

observed and Progenesis-identified metabolites was enforced. 

Results 

Global Metabolomic Profiles of Osteoarthritis and Healthy 

Cartilage Unveil Altered Cellular Mechanisms Associated 

with Disease 

In total, 10,853 metabolite features were detected by LC-MS across all cartilage samples. 

To visualize and assess metabolomic differences between healthy and OA cartilage, we used 

unsupervised (HCA, PCA) and supervised (PLS-DA) multivariate tests. HCA, visualized by a 

dendrogram and measured using Euclidean distance, displayed clear separation of healthy and OA 

cartilage (Fig. 4.1 A). A similar trend was observed when using PCA and PLS-DA where near 

perfect separation of groups was displayed demonstrating metabolomic profiles reflective of the 

disease status of cartilage (Fig. 4.1 B-C).  
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Figure 4.1. Metabolomic profiles of human cartilage from healthy and osteoarthritis patients are 

metabolically distinct. (A) Hierarchical clustering analysis finds that healthy and osteoarthritic 

cartilage samples cluster separate from each other. (B) Principal component analysis, an 

unsupervised test, finds minimal overlap with principal components 1 and 2 accounting for 

44.4% of the variability in the dataset. (C) Partial least squares-discriminant analysis, a 

supervised test, shows complete separation of healthy and diseased cartilage samples with 

components 1 and 2 accounting for 36.9% of the variability in the dataset. (D) T-test analysis 

detected 2,842 metabolite features with a false discovery rate adjusted p-value less than 0.05. 

Orange = osteoarthritis. Blue = healthy. (E) Volcano plot analysis, using fold change and 

statistical significance, distinguished differentially regulated metabolites between healthy and 

diseased cartilage. Specifically, 1,010 metabolite features were higher in abundance in diseased 

cartilage compared to healthy cartilage (log2(FC) > 2, p < 0.05) , whereas 1,399 were higher in 

abundance in healthy cartilage compared to diseased cartilage (log2(FC) < -2, p < 0.05).  

Next, t-test and volcano plot analyses were performed to distinguish dysregulated 

populations of metabolite features between healthy and OA cartilage. Populations distinguished 

by both analyses were then analyzed using MetaboAnalystôs Functional Analysis feature to find 
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biological pathways that differ in regulation across groups. Volcano plot analysis found 1,010 

metabolite features that were higher in abundance in OA cartilage compared to healthy (Fig. 4.1 

D). These metabolite features mapped to numerous lipid-related pathways (omega-3 & 6 fatty acid 

metabolism, fatty acid activation & oxidation, polyunsaturated and saturated fatty acid beta-

oxidation, glycosphingolipid metabolism), the carnitine shuttle, leukotriene metabolism, and 

others (Table 4.1, Supplemental Table 4.2). Conversely, volcano plot also found 1,399 metabolite 

features that were higher in abundance in healthy cartilage compared to OA cartilage (Fig. 4.1 D). 

These features mapped to the urea cycle, purine metabolism, glycerophospholipid metabolism, 

vitamin metabolism (K, E), squalene and cholesterol biosynthesis, aminosugar metabolism, and 

various amino acid metabolic pathways (methionine, cysteine, histidine, glycine, serine, alanine, 

threonine, tryptophan) (Table 4.1, Supplemental Table 4.2). T-test distinguished 2,842 metabolite 

features that were significantly dysregulated between groups (FDR p < 0.05) (Fig. 4.1 E). 
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Table 4.1. Metabolic pathways associated with healthy and diseased cartilage identified by 

volcano plot analyses. All reported pathways have a FDR-corrected significance level < 0.05. 

 

PathwayRegulationGroup

Carnitine shuttle

FC > 2, p < 0.05Osteoarthritis

De novo fatty acid biosynthesis

Fatty acid activation

Fatty Acid Metabolism

Fatty acid oxidation

Fatty acid oxidation, peroxisome

Glycosphingolipid biosynthesis - ganglioseries

Glycosphingolipid biosynthesis - globoseries

Leukotriene metabolism

N-Glycan Degradation

Omega-3 fatty acid metabolism

Omega-6 fatty acid metabolism

Phosphatidylinositol phosphate metabolism

Phytanic acid peroxisomal oxidation

Polyunsaturated fatty acid biosynthesis

R Group Synthesis

Saturated fatty acids beta-oxidation

Aspartate and asparagine metabolism

FC < -2, p < 0.05Healthy

Glycerophospholipid metabolism

Glycine, serine, alanine and threonine metabolism

Histidine metabolism

Methionine and cysteine metabolism

Purine metabolism

Squalene and cholesterol biosynthesis

Tryptophan metabolism

Urea cycle/amino group metabolism

Vitamin E metabolism

Vitamin K metabolism
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Additionally, features distinguished by volcano plot (Supplemental Table 4.3) and t-test 

(Supplemental Table 4.4) were matched to putative identifications made using LC-MS/MS to 

unveil metabolic indicators of disease. Putatively identified metabolites that were statistically 

significant in both t-test and volcano plot analyses and were higher in healthy cartilage compared 

to OA cartilage included N-acetyl-leukotriene E4, demethylphylloquinone, 7C-aglycone, 

androsterone sulfate, and others (Supplemental Fig. 4.1 A). The majority of identified metabolites 

distinguished by these analyses were higher in abundance in healthy cartilage, with the exception 

of guanidinoethyl methyl phosphate, cervonyl carnitine, erythromycin propionate, and glycocholic 

acid (Supplemental Fig. 4.1 B). Collectively, these findings unveil specific metabolites and 

metabolic pathways that show altered cellular mechanisms of OA and reflect disease status of 

cartilage.     

Endotype Characterization Supports Heterogenous Nature 

of Osteoarthritis 

To examine the heterogenous nature of OA metabolism and better understand differences 

in the diverse metabolic landscape within OA, we examined metabolomic endotypes. Clustering 

techniques ï HCA (Fig. 4.2 A) and ensemble clustering (Supplemental Fig. 4.2) ï were utilized to 

identify OA endotypes across all cartilage samples. The application of both methods aimed to 

minimize subjectivity in delineating OA cartilage endotypes and determine OA participants that 

consistently cluster together. These analyses unveiled four distinct endotypes of OA participants. 

Considering patient-specific factors like age, the ratio of males to females, and overall number of 

participants within each endotypes, we found no clear pattern related to participant demographics 

that correlated with these four endotypes (Supplemental Table 4.1).  
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Once endotypes were distinguished and patient-specific factors were examined, we used 

PCA and PLS-DA to gain additional insight into these endotypes. This revealed limited overlap 

between endotype groups (Fig. 4.2 B-C). Notably, endotype 4 exhibited considerable variability 

portrayed by a substantial ellipse. In contrast, endotypes 1-3 showed a closer metabolomic 

resemblance where the proximity of smaller and tighter clustered ellipses were observed. 

Subsequent ANOVA analysis identified 2,506 metabolite features that were significantly different 

between endotypes with FDR-corrected p < 0.05 (Fig. 4.2 D). This subset of features was then 

matched to putative identifications made using LC-MS/MS data. Identifications consisted of lipid 

and lipid-like metabolites including cervonyl carnitine, lucidenic acid A, 6-Epi-7-isocucurbic acid 

glucoside, various phosphatidylcholine species, and others (Supplemental Fig. 4.3 A, 

Supplemental Table 4.5). Additionally, metabolites related to arachidonic acid and leukotriene 

metabolism were identified including arachidonic acid, panaxydol linoleate, leukotriene F4, and 

N-acetyl-leukotriene E4 (Supplemental Fig. 4.3 B, Supplemental Table 4.5). 
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Figure 4.2. Metabolomic assessment of osteoarthritic cartilage classifies unique patient 

endotypes. (A) Hierarchical clustering of cartilage from patients with osteoarthritis cluster into 4 

distinct endotypes. (B) Endotypes were further examined and visualized by principal component 

analysis. Principal components 1 and 2 account for 35% of the variability in the dataset and 

showed moderate overlap of osteoarthritis endotypes. (C) Partial least squares-discriminant 

analysis slightly refines separation of groups with components 1 and 2 accounting for 30.8% of 

the variability in the dataset. (D) ANOVA analysis detected 2,508 metabolite features with a false 

discovery rate adjusted p-value less than 0.05. (E) Metabolite features distinguished by ANOVA 

were visualized using a median metabolite intensity heatmap analysis where osteoarthritis 

endotypes were normalized to healthy cartilage. Clusters of co-regulated metabolite features (C1-

C6) were then subjected to pathway analyses to pinpoint distinct metabolomic endotypes across 

osteoarthritic cartilage. Columns represent endotype and rows indicate metabolite features. 

Warmer colors (yellow) indicate higher metabolite abundance, whereas cooler colors (blue) 

indicate lower metabolite abundance. Endotype colors correspond to: pink ï Endotype 1; green ï 

Endotype 2; purple ï Endotype 3; blue ï Endotype 4. 

Additionally, this subset of statistically significant metabolite features were further examined 

using a median metabolite intensity heatmap analysis normalized to healthy cartilage to find 
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dissimilarities in metabolomic regulation across the four OA endotype groups compared to healthy 

cartilage (Fig. 4.2 E). For this analysis, the median intensity for each metabolite feature is 

calculated and this same calculation is then extended to each endotype group to observe and 

compare major differences in metabolomic regulation between endotypes. Metabolite features 

within heatmap clusters 1 and 2, which exhibited higher abundances across endotypes compared 

to healthy cartilage, mapped to 16 statistically significant pathways including leukotriene 

metabolism, selenoamino acid metabolism, the carnitine shuttle, and numerous lipid-related 

pathways (Table 4.2, Supplemental Table 4.6). Heatmap clusters 3 and 4, comprised of metabolites 

that were lowest in endotype 4 but highest in other endotypes, mapped to 16 statistically significant 

pathways including vitamin A metabolism, phytanic acid peroxisomal oxidation, lysine and 

tyrosine metabolism, keratan sulfate degradation, N-glycan degradation, lineolate metabolism, 

butanoate metabolism, and various lipid-related pathways. Metabolites composing heatmap cluster 

5 were relatively lower across endotypes compared to healthy samples which  mapped to 7 

statistically significant pathways including purine metabolism, leukotriene metabolism, urea cycle, 

aminosugar metabolism, and various amino acid pathways (methionine, cysteine, tryptophan, 

aspartate, asparagine). Lastly, heatmap cluster 6 consisted of metabolites with mixed regulation 

patterns across endotypes; however, no statistically significant pathways were detected. All 

pathways reported had an FDR-corrected p < 0.05. Collectively, these findings underscore the 

heterogenous nature of OA metabolism among those with OA and provide compelling evidence 

to support the diverse landscape of metabolic regulation associated with this disease. 
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Table 4.2. Metabolic pathways associated with osteoarthritis endotypes classified by median 

intensity heatmap analysis. All pathways reported have a FDR-corrected significance level < 

0.05. Clusters defined in Figure 4.2E.  

 

Discussion 

While altered metabolism is increasingly recognized as a crucial factor in the development 

of OA, further data are needed to understand the role of aberrant metabolism in OA 

pathophysiology. This study found distinct human cartilage-derived metabolomic profiles between 

healthy and end-stage OA patients. Through a comprehensive analysis aimed at discerning 

PathwayClusterPathwayCluster

Glycosphingolipid biosynthesis -

globoseries
4Fatty acid activation1

Lysine metabolism4Saturated fatty acids beta-oxidation1

Tyrosine metabolism4De novo fatty acid biosynthesis1

Polyunsaturated fatty acid biosynthesis4Fatty Acid Metabolism1

Glycosphingolipid biosynthesis -

ganglioseries
4Omega-6 fatty acid metabolism1

Keratan sulfate degradation4Carnitine shuttle1

N-Glycan Degradation4R Group Synthesis1

Linoleate metabolism4Fatty acid oxidation1

Vitamin A (retinol) metabolism4Fatty acid oxidation, peroxisome1

Butanoate metabolism4Leukotriene metabolism1

Trihydroxycoprostanoyl-CoA beta-

oxidation
4Fatty acid oxidation2

Glycerophospholipid metabolism4Polyunsaturated fatty acid biosynthesis2

Omega-3 fatty acid metabolism4De novo fatty acid biosynthesis2

Starch and Sucrose Metabolism4Phytanic acid peroxisomal oxidation2

Purine metabolism5R Group Synthesis2

Leukotriene metabolism5Selenoamino acid metabolism2

Urea cycle/amino group metabolism5Phytanic acid peroxisomal oxidation3

Methionine and cysteine metabolism5Omega-6 fatty acid metabolism3

Tryptophan metabolism5

Aminosugars metabolism5

Aspartate and asparagine metabolism5
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differences in the metabolome of healthy and OA cartilage, several metabolites and pathways 

associated with matrix metabolism, lipid metabolism, mitochondrial function, vitamin 

metabolism, and amino acid metabolism were differentially regulated between healthy and OA 

cartilage. Moreover, investigation of metabolic diversity within the metabolome of OA cartilage 

alone mapped to distinct metabolomic endotypes displaying the heterogeneous nature of OA. 

Considering these metabolomic findings, a greater understanding of altered cartilage metabolism 

in OA may lead to the identification of candidate biomarkers and drug targets to slow, halt, or 

reverse cartilage damage in end-stage OA. 

Matrix Metabolism 

OA cartilage exhibited greater evidence of altered matrix metabolism compared to healthy 

cartilage. Specifically, keratan sulfate degradation and N-Glycan degradation were upregulated in 

OA cartilage compared to healthy cartilage. Keratan sulfate, a type of glycosaminoglycan (GAG), 

plays a vital role in cartilage matrix homeostasis and maintenance. Homeostatic GAG content in 

both synovial fluid (SF) and cartilage are indicative of joint health, whereas, an increase in GAGs 

within SF suggests increased cartilage turnover. This is subsequently reflected by a decrease in 

GAG content within the cartilage itself26-28. Furthermore, alterations in N-glycan degradation 

likely reflect changes in joint lubrication as N-glycans are an important component of lubricin, a 

glycoprotein that lines cartilage surfaces and serves as a key joint lubricant with chondroprotective 

properties29.  

Lipid and Mitochondria-Related Metabolism 

Several lipid-related pathways were upregulated in OA cartilage compared to healthy 

cartilage and were differentially regulated across OA endotypes. Notably, the present study 
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identified several significant lipid-related pathways that have been previously linked to OA, 

including the carnitine shuttle, arachidonic acid metabolism, omega-3 and -6 metabolism, 

glycosphingolipid metabolism, and glycerophospholipid metabolism. Cartilage relies on bone and 

SF for lipid transport, underscoring the critical role of lipid metabolism in maintaining cartilage 

homeostasis. Arachidonic acid (AA), leukotriene F4, N-acetyl-leukotriene E4, and panaxydol 

linoleate were identified using LC-MS/MS data and were at higher concentrations in OA cartilage 

compared to healthy and differed in abundance across OA endotypes (Supplemental Figures 4.1 

and 4.3). AA, a type of omega-6 polyunsaturated fatty acid known to be associated with 

inflammation, is typically found in lower levels in healthy cartilage and increases as OA 

progresses30. Additionally, elevated AA have been detected in OA SF16, 31, synovium32, and more 

broadly, the severity of synovitis and histological changes in OA have been correlated with serum 

levels of omega-3 and -633, 34.  

The detection of perturbed lipid pathways and a handful of identified lipid species in OA 

cartilage may reflect adaptive responses in mitochondrial function and biofuel utilization in 

response to OA. While healthy cartilage relies on both glucose and lipids as energy sources, OA 

cartilage exhibits a greater dependence on lipids35, 36. This metabolic switch to lipid utilization can 

lead to the accumulation of lipids, increased production of reactive oxygen species and nitric oxide, 

and decreased ATP production, leading to eventual tissue breakdown and death37-40.   

Central to this metabolic switch is the carnitine shuttle, which plays a key role in regulating 

oxidative status by transporting lipids across the mitochondrial membrane to generate ATP. The 

upregulation of the carnitine shuttle in OA cartilage compared to healthy cartilage, and across OA 

endotypes, is supported by previous studies which not only detected the carnitine shuttle but also 
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elevated levels of acylcarnitine and other carnitine species17 in SF of OA patients. Moreover, 

cervonyl carnitine, a type of acylcarnitine, was identified using LC-MS/MS data and was 

significantly higher in all OA cartilage samples compared to healthy cartilage and differed in 

abundance across OA endotypes (Supplemental Figures 1 and 3). Cervonyl carnitine is often 

produced as a result of a disorder or disease (i.e., cancer, diabetes, cardiovascular disease) and 

disrupts energy production41. It has been well documented that OA perturbs energy production in 

cartilage, therefore, the detection of this species in the present study could be a result of receiving 

cartilage from donors with radiography-confirmed OA. 

We have previously detected cervonyl carnitine in SF from patients who sustained a 

traumatic knee injury19. Here, we hypothesized that a metabolic switch toward lipid utilization and 

the involvement of mechanisms like the carnitine shuttle were necessary to meet heightened energy 

demands post-injury and that ongoing analysis of these species may help manage post-traumatic 

OA. Thus, the detection of cervonyl carnitine in OA cartilage and in SF post-injury further 

highlights its potential as a marker that can be monitored over time to assess ɓ-oxidation, joint 

health, while also potentially predicting the onset and progression of OA. Furthermore, cervonyl 

carnitine warrants further investigation as a potential biomarker and druggable target for the 

purpose of slowing, halting, or reversing OA.  

Vitamin Metabolism 

Vitamin E metabolism was notably upregulated in OA cartilage compared to healthy. 

Vitamin E has antioxidant properties, which could prove beneficial in counteracting the heightened 

oxidative stress experienced by the joint during OA42. Additionally, vitamin A was dysregulated 

across OA endotypes. The relationship between OA and vitamin A, including the Vitamin A 
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derivative all-trans-retinoic acid, have garnered attention due to its key role in skeletal 

development and cartilage maintenance43, 44. Specifically, all-trans retinoic acid can regulate type 

X collagen and matrix metalloproteinase-13 driving a hypertrophic phenotype44, 45. Moreover, 

elevated vitamin A metabolite levels have been detected in SF, serum, and cartilage from OA 

individuals suggesting its potential role in OA within cartilage43.  

In contrast, vitamin K metabolism was downregulated in OA cartilage compared to healthy 

cartilage. These findings align with prior research that explored the relationship between OA and 

vitamin K, which is important for its role as a cofactor for the carboxylation of vitamin K-

dependent proteins, including matrix Gla proteins, osteocalcin, and Gas-646. These proteins are 

present in the joint and play a key role in the maintenance of cartilage and bone. Their absence or 

deficiency can lead to an increased incidence and progression of knee OA46-48. Specifically, 

alterations in vitamin K levels parallel the abnormalities observed in OA disease progression, 

encompassing aspects such as hypertrophic and apoptotic chondrocytes, cartilage mineralization, 

and endochondral ossification49, 50.  

Amino Acid Metabolism 

Amino acid metabolism was significantly downregulated in OA cartilage compared to 

healthy cartilage. While histidine metabolism was not differently regulated across endotypes, the 

pronounced downregulation compared to healthy cartilage aligns with a previous study that 

identified declining trends in serum histidine levels as OA advances51.  Additionally, the ratio of 

branched-chain amino acids to histidine has emerged as a potential indicator of disease 

progression52. In contrast, various amino acids including tryptophan, methionine, cysteine, 
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aspartate, and asparagine were upregulated in healthy cartilage compared to OA cartilage as 

confirmed by pairwise and endotype comparisons.  

This pattern mirrors similar observations made in our prior work comparing SF metabolism 

from healthy, early, and late-stage OA patients, where these amino acid pathways were 

upregulated in healthy SF16. Focusing solely on OA cartilage, these same amino acid pathways 

displayed different regulation patterns across OA endotypes. This aligns with previous literature, 

indicating that these amino acids tend to decrease as OA progresses, with levels being highest in 

healthy cartilage, moderately high in early-stage OA, and diminishing with end-stage OA53, 54. 

Furthermore, specific amino acids like glycine and alanine, both of which are abundant in collagen, 

have been putatively identified as potential markers to distinguish osteoarthritic cartilage from 

healthy7. This observed dysregulation of amino acids may indicate their potential role in 

responding to disease and could reflect the degree of joint damage. Nevertheless, further research 

is required to underpin the relationship between amino acid metabolism and OA.  

Limitations 

This study included healthy cartilage samples to examine disease-associated metabolic 

changes, however, it is not without limitations. Firstly, the sample size for this study was not 

uniform, as 11 healthy cartilage and 35 OA cartilage samples were obtained. Secondly, relevant 

clinical covariates (e.g., age, BMI, sex, prior medical history) and the time of death (to calculate 

the time between death and sample extraction) were not available for the obtained healthy cartilage 

samples. Furthermore, patient sex and age, with the exception of three patients, were provided for 

OA donors, yet BMI was not provided. Considering partial information provided for both healthy 



128 

 

and OA cartilage samples, age-, BMI-, and sex-matching analyses were not performed, nor can 

this information be used to shed light on driving factors that differentiate OA endotypes.   

Conclusions 

The results of this study provide clear evidence of OA-induced metabolic perturbations in 

human articular cartilage. Considering the heterogenous nature of OA, the detection of metabolic 

differences between healthy and OA individuals, and within OA individuals alone, can be further 

examined to pinpoint the diverse landscape of OA. With this approach, we uncovered specific 

metabolomic patterns and identified metabolites that may serve as valuable indicators of disease 

status or therapeutic targets. Expansion of this study will delineate joint-level metabolic activity 

in cartilage and how that is reflected, or associated, with the metabolism of other musculoskeletal 

tissues and fluids.  
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Abstract  

Objective: Osteoarthritis is a heterogeneous disease. The objective was to compare differences in 

underlying cellular mechanisms and endogenous repair pathways between synovial fluid from 

male and female participants with different injuries to improve current understanding of the 

pathophysiology of downstream post-traumatic osteoarthritis.  

Design: Synovial fluid from n=33 knee arthroscopy patients between 18 and 70 years with no prior 

knee injuries was obtained pre-procedure and injury pathology assigned post-procedure. Synovial 

fluid was extracted and analyzed via liquid chromatography-mass spectrometry metabolomic 

profiling to examine differences in metabolism between injury pathologies (ligament, meniscal, 

and combined ligament and meniscal) and patient sex. Samples were pooled and underwent 

secondary fragmentation to identify metabolites.  

Results: Different knee injuries uniquely altered synovial fluid metabolites and downstream 

pathways including amino acid, lipid, and inflammatory-associated metabolic pathways. Notably, 

sexual dimorphic metabolic phenotypes were examined between males and females and within 

injury pathology. Cervonyl carnitine and other identified metabolites differed in concentrations 

between sexes.  

Conclusions: These results suggest that different injuries and patient sex are associated with 

distinct metabolic phenotypes. Considering these phenotypic associations, a greater understanding 

of metabolic mechanisms associated with specific injuries, sex, and post-traumatic osteoarthritis  

development may yield data regarding how endogenous repair pathways differ between male and 

female injury types. Ongoing metabolomic analysis of synovial fluid in injured male and female 

patients can be performed to monitor post-traumatic osteoarthritis development and progression. 
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Introduction  

Post-traumatic osteoarthritis (PTOA) accounts for approximately 12% of osteoarthritis 

(OA) cases equating to 5.6 million cases annually1, 2. One of the most prevalent risk factors that 

contributes to PTOA is joint injury. Within the United States, nearly 250,000 anterior cruciate 

ligament (ACL) injuries occur annually where approximately 70% of injured patients undergo 

ACL reconstruction3, 4. ACL injuries are frequently accompanied by damage to other tissues and 

structures within the knee such as the meniscus5. PTOA prevalence is influenced by the type of 

injury, where ACL injury alone has a prevalence range between 13-39%, whereas this range  is 

significantly higher amongst those with combined ligament and meniscal injuries (21-48%)2, 6, 7. 

Other patient-specific risk factors that contribute to PTOA include age, body mass index 

(BMI), and sex. Annually, 15% of knee injuries were attributed to high-school athletes with young 

female athletes being twice as likely to sustain knee injuries requiring surgical repair compared to 

male athletes8. Furthermore, females are more likely to develop and experience more severe OA 

compared to males9, 10. These sex-differences can likely be attributed to hormonal and anatomical 

differences where females have wider pelvises, small femurs, thinner articular cartilage at the distal 

femur, a smaller ACL, and a narrower intercondylar notch11, 12. 

Although it is established that PTOA is associated with injury as well as other patient-

specific risk factors like sex, underlying mechanisms and metabolic alterations following injury at 

the joint level remain unknown. Examining acute differences in response to various injury types 

amongst males and females has the potential to positively influence patient treatment, outcomes, 

and reduce the burden of both PTOA and OA. The application of metabolomic profiling may 
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identify biochemical phenotypes that represent and capture the physiological and metabolic status 

of the tissue of interest.  

A handful of studies have used metabolomic profiling of various samples including blood, 

urine, and synovial fluid (SF) to understand the pathology of OA13-16. SF is an optimal sample type 

as it is in direct contact with joint tissue where joint cells (i.e., chondrocytes, bone cells) are 

secreted into the joint cavity13, 14, 17. Thus, SF content is reflective of joint status during times of 

health and disease and provides a better representation of joint metabolism compared to blood and 

urine samples which are diluted in the circulatory compartment. While metabolomics has been 

applied to SF to underpin OA pathogenesis, the authors are not aware of any study using this 

method to quantitatively investigate acute metabolic perturbations induced by different knee 

injuries among males and females. By doing so, the local and systemic response to joint injury can 

be further examined and has the potential to influence treatment and intervention to benefit overall 

patient health post-injury in the future.   

The primary goal of this study was to compare differences in underlying cellular 

mechanisms and endogenous repair pathways between synovial fluid from male and female 

participants with different injuries to improve current understanding of the pathophysiology of 

downstream post-traumatic osteoarthritis. The secondary goal of this study was to identify 

differences in pathway regulation and metabolite concentration between male and female 

participants. To accomplish both goals, metabolites were extracted from injured participantsô SF 

and analyzed via liquid chromatography-mass spectrometry (LC-MS). Global metabolomic 

profiling was applied to find specific metabolic perturbations associated with types of injury and 

patient sex. The identification of dysregulated metabolic pathways and metabolites may underpin 
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mechanisms that differ between injured male and females and may shed light on how PTOA 

manifest later in life. Moreover, ongoing metabolomic analysis of SF post-repair can be performed 

in conjunction with measurement of patient outcomes to oversee PTOA development and 

progression.  

Methods 

Participant Information and Inclusion Criteria 

In this cross-sectional study, 58 participants were screened for eligibility between July 

2021 and February 2022 at Virginia Commonwealth University. Inclusion criteria to participate in 

this cross-sectional study were (1) age between the age of 18-70 and (2) no history of prior knee 

injuries, chronic pain, or autoimmune disease(s). Under IRB approval, participant SF was obtained 

from 45 knee arthroscopy patients prior to repair (Fig. 5.1, Table 5.1, Supplemental Table 5.1). Of 

the 45 participants, 12 were excluded because the reason for surgery was not related to a traumatic 

injury (n=11) and inadequate volume of SF (n=1). The time between injury and joint repair was 

not uniform across all participants, however, varying windows of time (days) between injury and 

repair did not influence metabolic results. De-identified patient information provided included  

patient sex, age, BMI, and injury pathology. To limit potential bias, patient information including 

pathology, BMI, age, and sex were blinded throughout data analysis. 
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Figure 5.1. Participant eligibility and screening. 

Table 5.1. Participant information.  Values indicate number of participants in each group. 

 

 

Synovial Fluid Sampling, Extraction, and Metabolic 

Profiling 

For all participants, SF was acquired in the operating room pre-procedure by one of two 

surgeons, and pathology assignment (i.e., right medial meniscus tear) was assigned post-procedure 

based on observations made in the operating room and the postoperative pathology report.  

Participant injury pathologies were categorized into one of three pathology groups: ligament (L), 

meniscal (M), and combined ligament and meniscal (LM) injuries. A concise overview of the 

Sex BMI Age Ligament Meniscus
Ligament & 

Meniscus

Female 17 18-24.9 13 18-29 12 5 11 1

Male 14 25-31.9 12 31-44 9 5 6 3

Total 31 32-50 6 45-70 10 10 17 4
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metabolite extraction and MS methods used in this study are discussed in detail in the 

supplementary material. In brief, all SF samples (n=33) were extracted with methanol and 

acetonitrile, centrifuged, dried down via vacuum concentration, and prepped for LC-MS analysis. 

To derive metabolite identifications, two pooled samples containing extracted SF from samples 

selected at random were prepped for liquid chromatography tandem mass spectrometry (LC-

MS/MS) analysis which entails fragmentation of parent ions. All sample data, including 

chromatograms and spectra, were manually inspected to determine if any issues arose during the 

mass spectrometry run. In doing so, two samples (n=2) were removed from the analysis as they 

resembled quality control blanks and high levels of background noise.   

 All data (n=31) were processed using MSConvert18 and XCMS19. MetaboAnalyst20 was 

utilized to statistically analyze samples, visualize dissimilarities, and pinpoint pathway 

dysregulation between males and females with different injuries. To identify metabolite features 

data from LC-MS/MS data of pooled samples were analyzed with Progenesis QI (Nonlinear 

Dynamics, Newcastle, UK). Full details on metabolomic profiling, including statistical and 

pathway analyses, and metabolite identification can be found in the supplementary material. 

 Results  

The Synovial Fluid Metabolome Differs by Injury 

Pathology 

In total, 7,794 metabolite features were detected by LC-MS in the 33 SF samples. To assess 

global differences between injury pathologies, all metabolite features were analyzed using 

Principal Component Analysis (PCA) and Partial Least Squares-Discriminant Analysis (PLS-DA) 

(Fig. 5.2 A-B). PCA displayed overlap of groups with PC1 and PC2 accounting for 40.1% of the 
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variability in the dataset, whereas PLS-DA showed less overlap with Components 1 and 2 

accounting for 31.6% of the variability in the dataset.  

 

Figure 5.2. Global profiles considering all detected metabolite features show moderate 

differences between injury pathologies. (A) Principal component analysis, an unsupervised test, 

shows some overlap when considering all 7,794 features and accounts for 40.1% of the 

variability in the dataset. (B) Partial least squares-discriminant analysis, a supervised test, 

similarly shows some overlap of groups and accounts for 31.7% of the variability in the dataset. 

These two tests combined suggest that global profiles generated by all metabolite features 

detected somewhat differ and that additional analyses are required to pinpoint specific 

phenotypic changes. The colors in A and B correspond to: Ligament injuries - light blue; 

Meniscal injuries - red; Ligament and Meniscal injuries - yellow. L = ligament injuries. M = 

meniscal injuries. LM = ligament and meniscal injuries. 

Although distinct metabolic patterns at the global level showed overlapping groups, the top 

25 highest PLS-DA Variable Importance in Projection (VIP) scoring metabolites had scores > 2.2  

and were selected for further analysis to examine and pinpoint phenotypic differences in regulation 

between pathology groups. VIP scores reflect how much a variable contributes to the model and 

are calculated by summing the squared correlations between the PLS-DA components and the 

original value with appropriate weighting. Of the 25 metabolite features, 8 were the most abundant 

in M injuries, the least abundant in L injuries, and intermediary abundance levels in LM injuries 
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(Fig. 5.3 A Cluster 1). Conversely, 8 of the 25 metabolite features were the most abundant in L 

injuries, the least abundant in M injuries, and intermediary abundance levels in LM injuries (Fig. 

5.3 A Cluster 2). Lastly, 9 metabolite features were similar in abundance in L and LM injuries, 

and lowest in M injuries (Fig. 5.3 A Cluster 3). Additionally, PLS-DA VIP metabolites features 

with a score < 2 were then matched to identifications made using LC-MS/MS.  In total, 7 

metabolites were identified where tryptophanoland gandoeric acid were highest in abundance 

among LM participants, whereas isoleucyl-proline, alpha linoleic acid, linoleic acid, lansiumamide 

C, and eriojaposide B were highest in abundance among M injuries (Supplemental Table 5.2).  
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Figure 5.3. Heatmap analyses of participants reveal metabolite features and metabolic pathways 

that are differently regulated between injury pathologies. (A) Hierarchical clustering analysis 

visualized by a group median heatmap of the 25 PLS-DA Variable in Importance Projection 

Scores shows that different injury pathologies trigger distinct metabolic regulation patterns post-

injury. Clusters 1-3 (C1-C3) highlight different regulation patterns between injuries. (B) Clusters 

of coregulated metabolite features within synovial fluid from participants with different knee 

injuries indicate that distinct metabolic phenotypes across injury pathologies. Clusters (1-3) were 

subjected to pathway enrichment analyses to identify pathways that differed in regulation 

between injury pathologies. Warmer colors (yellow) and cooler colors (blue) indicate higher and 

lower metabolite intensities, respectively. The colors in A-C correspond to: Ligament injuries - 

light blue; Meniscal injuries - red; Ligament and Meniscal injuries - yellow. L = ligament 

injuries. M = meniscal injuries. LM = ligament and meniscal injuries. 

Functional pathway enrichment analyses were conducted to underpin endogenous repair 

pathways that differ between injury pathologies. To do so, a median metabolite intensity heatmap 

analysis was performed to visualize global changes across the metabolome to distinguish patterns, 

or clusters, of co-regulated and differentially expressed metabolite features (Fig. 5.3 B). Clusters 

of metabolites identified underwent pathway enrichment analyses using MetaboAnalystôs 
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functional analysis feature. Conversely, features that had the highest concentration in M injuries, 

and lowest in L injuries, mapped to lipid-related pathways (fatty acid oxidation and activation, 

glycosphingolipid metabolism, omega-6 fatty acid metabolism), histidine metabolism, TCA cycle, 

and glycolysis (Fig. 5.3 B Cluster 1). Arginine and proline metabolism was detected in both L and 

M injuries and was lowest in LM injuries (Fig. 5.3 B Clusters 1&2). Additionally, those highest in 

M injuries but lowest in LM injuries mapped to other lipid-related pathways (mono-unsaturated 

fatty acid beta-oxidation, omega-3 fatty acid metabolism, fatty acid biosynthesis, saturated fatty 

acids beta-oxidation, dimethyl-branched-chain fatty acid mitochondrial beta-oxidation) (Fig. 5.3 

B Cluster 5). Metabolite features that had the highest concentration in LM injuries, and the lowest 

in L injuries, mapped to amino acid metabolism (lysine, glycine, serine, alanine, threonine), 

trihydroxycoprostanoyl-CoA beta-oxidation, proteoglycan biosynthesis, and vitamin B3 

metabolism (Fig. 5.3 B Cluster 2). Additionally, features highest in LM injuries, but lowest in M 

injuries, mapped to phosphatidylinositol phosphate metabolism, the carnitine shuttle, and linoleate 

metabolism (Fig. 5.3 B Cluster 6). Metabolite features that had the highest concentration in L 

injuries, and lowest in M injuries, mapped to sialic acid metabolism, aspartate and asparagine 

metabolism, and glycerophospholipid metabolism (Fig. 5.3 B Cluster 7). Additionally, biopterin 

metabolism was highest in L injuries but lowest in LM injuries (Fig. 5.3 B Cluster 3) (Table 5.2, 

Supplemental Table 5.3). All pathways reported had an FDR-corrected p-value < 0.05. Taken 

together, the regulation of each pathology group is distinct further supporting the notion that the 

SF metabolome differ by injury pathology. However, we are unable to speculate as to why key 

metabolites from each of the L and M groups is not necessarily as prominent in the LM group. 
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Table 5.2. Metabolic pathways associated with ligament, meniscal, and ligament and meniscal 

injuries identified by median metabolite intensity heatmap analysis. All reported pathways have a 

FDR-corrected significance level < 0.05. L = ligament injuries. M = meniscal injuries. LM = 

ligament and meniscal injuries. Clusters defined in Figure 5.3 B. 

 

Cluster Pathway Highest Lowest

1, 2 Arginine and Proline Metabolism L, M LM

1 Fatty acid oxidation M L

1 Histidine metabolism M L

1 Glycolysis and Gluconeogenesis M L

1 Squalene and cholesterol biosynthesis M L

1 TCA cycle M L

1 Glycosphingolipid metabolism M L

1 Fatty acid activation M L

1 Leukotriene metabolism M L

1 Omega-6 fatty acid metabolism M L

2 Trihydroxycoprostanoyl-CoA beta-oxidation LM L

2 Proteoglycan biosynthesis LM L

2 Vitamin B3 metabolism LM L

2 Lysine metabolism LM L

2 Glycine, serine, alanine and threonine metabolism LM L

2 Valine, leucine and isoleucine degradation LM L

3 Biopterin metabolism L LM

5 Mono-unsaturated fatty acid beta-oxidation M LM

5 Porphyrin metabolism M LM

5 Omega-3 fatty acid metabolism M LM

5 De novo fatty acid biosynthesis M LM

5 Fatty Acid Metabolism M LM

5 Saturated fatty acids beta-oxidation M LM

5 Dimethyl-branched-chain fatty acid mitochondrial beta-oxidation M LM

6 Phosphatidylinositol phosphate metabolism LM M

6 Linoleate metabolism LM M

6 Carnitine shuttle LM M

7 Sialic acid metabolism L M

7 Aspartate and asparagine metabolism L M

7 Glycerophospholipid metabolism L M
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Participant Sex Influences Metabolomic Profiles Across 

Injury Pathologies 

To determine if participant sex influences the SF metabolome, PCA, PLS-DA, and volcano 

plot analyses were conducted. PCA displayed overlap (Fig. 5.4 A) whereas PLS-DA revealed some 

overlap of male and female participants suggesting the SF metabolome reflects participant sex 

(Fig. 5.4 B). While overlap was observed in both PCA and PLS-DA, this can possibly be attributed 

to analyzing all participant SF considering only the factor of sex. To further investigate potential 

sexual dimorphism, volcano plot assessed male and female participant SF-derived metabolites 

using significance and fold change. This analysis identified 6 metabolites features that were 

significant and had higher concentrations in males compared to females, and 35 metabolite features 

that were significant and in higher concentration in females compared to males (FC > 2, p < 0.05) 

(Fig. 5.4 C). 
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Figure 5.4. Metabolomic profiles of synovial fluid-derived metabolite features are associated 

with participant sex and injury pathology. (A) PCA and (B) PLS-DA display some overlap when 

comparing all male and female participant suggesting that the SF metabolome is potentially 

influenced by participant sex. (C) Volcano plot analysis identified 35 etabolite features in 

females that had a FC > 2 and p-value < 0.05. Conversely, 6 had a FC < -2 and a p-value < 0.05 

in males. Similarly, (D) PCA, (E) PLS-DA, and (F) volcano plot analysis was applied to examine 

metabolic differences between male and female participants with ligament injuries and the same 

suite of analyses were applied to identify differences between male and female participants with 

meniscal injuries (G-I). Considering the identification of subpopulations of metabolite features 

that differ in regulation between male and female participants (A-C), male and female 

participants with ligament injuries (D-F), and male and female participants with meniscal 

injuries (G-I), it is evident that the metabolome is influenced by participant sex and injury 

pathology. The colors in A-I correspond to male and female participants: pink ï females, blue ï 

males. L = ligament injuries. M = meniscal injuries.  
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In a similar way, pairwise comparisons were performed to examine participant sex 

differences within injury pathology for L and M injuries. LM injuries were not examined due to 

insufficient sample size (LM Male n = 4, LM Female n = 1). Considering L injuries, PCA displayed 

some overlap (Fig. 5.4 D) while PLS-DA displayed clear separation of participants that differ by 

sex (Fig. 5.4 E). Volcano plot analysis identified 55 metabolite features that were significant and 

had higher concentrations in L males, whereas 38 were significant and in higher concentrations in 

L females (FC > 2, p < 0.05) (Fig. 5.4 F).  

These same analyses were performed to analyze metabolic phenotypes associated with 

male and female M injuries. PCA displayed some overlap (Fig. 5.4 G), whereas PLS-DA showed 

near complete separation of male and female participants with M injuries, further supporting the 

notion that differences at the metabolic differences are associated with participant sex (Fig. 5.4 H). 

Volcano plot analysis identified 89 metabolite features that were significant and had higher 

concentration in M males, and 105 features that were significant and had higher concentrations in 

M females (FC > 2, p < 0.05) (Fig. 5.4 I).  

Populations of metabolite features from volcano plot analyses were then matched to 

identifications made using LC-MS/MS data. As expected with LC-MS/MS, not all metabolite 

features were able to be identified (Supplemental Table 5.4). Of the 18 identified metabolites, a 

noteworthy metabolite that was statistically significant across all volcano plot analyses was 

cervonyl carnitine. Specifically, cervonyl carnitine was detected in higher abundances in all 

females compared to males and when considering injury pathology) (Fig. 5.5 A-C). Although an 

identified metabolite was not higher in abundance in all males compared to males and when 

considering injury pathology, identified metabolites that were higher in abundance in males 
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compared to females included alpha-Chaconine (M males), Lucidenic acid A (M males), lysine (L 

males), arginine (M males), as well as others (Supplemental Table 5.4). Overall, the detection of 

distinct global phenotypes and differences in regulation of identified metabolites between male 

and female participants strongly suggests that participant sex influences SF metabolism across 

injury pathologies. 

 

Figure 5.5. Cervonyl Carnitine differs in concentration between male and female participants. 

The identified metabolite, Cervonyl carnitine, was higher in concentration in (A) all female 

participants compared to males, (B) in females with ligament injuries and (C) meniscal injuries 

compared to males within the same injury pathology group. Mass-to-charge intensities of interest 

were normalized and used to generate plots. To correct for multiple comparisons, FDR p-value 

corrections were performed and were less than < 0.05. The colors correspond to male and female 

participants: pink ï females, blue ï males. 

Discussion 

To our knowledge, this is the first study to examine acute metabolic responses following 

different injury types in male and female human SF using mass-spectrometry. The goals of this 

study were to (1) identify metabolic perturbations that differ across injury pathologies including 

L, M, and combined LM injuries and (2) examine metabolic differences associated with sex. By 

applying mass spectrometry-based metabolomics, metabolic phenotypes between injury 
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pathologies vary suggesting different types of injury trigger specific acute metabolic responses. 

Additionally, SF-derived metabolites reflected participant sex, and male and female participants 

with similar injuries were metabolically distinct from each other. The detection of metabolites and 

generation of metabolomic phenotypes based on sex and injury pathology can be used to improve 

patient treatment and allow for more precise treatment to benefit joint and patient health post-

injury. 

Acute Metabolic Responses Post-Injury Varies Based on 

Injury Pathology 

Previous studies used metabolomics to examine post-injury metabolic shifts in animal 

models17, 21, 22, and only one study to date has examined metabolic shifts in human SF induced by 

different injuries using nuclear magnetic resonance spectroscopy (NMR)23. This study detected 

significant changes in glucose, amino acids, lipids, and lactate indicating increased demand for 

these compounds within the joint post-injury. The results of this cross-sectional study closely align 

with previously generated metabolic phenotypes, showing similar pathway regulation differences 

between injuries. Specifically, differences in lipid- and oxidative-related metabolism (M injuries), 

amino acid metabolism (all injuries), and inflammatory-associated pathways (LM injuries) 

differed in regulation between injury pathologies (Fig. 5.6). 
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Figure 5.6. Alterations in synovial fluid metabolism post-injury are associated with different 

injury types. Metabolites that differ in abundance across ligament, meniscal, and ligament and 

meniscal injuries are associated with amino acid, lipid, and inflammation-related pathways. 

Multiple amino acids were detected within each injury pathology. Amino acids bolded in blue, 

red, and yellow were detected in synovial fluid from participants with ligament, meniscus, and 

ligament and meniscus injuries, respectively. Metabolite features detected among participants 

with meniscal injuries mapped to lipid-related pathways including fatty acid activation, 

oxidation, and biosynthesis, beta-oxidation related pathways, and others (red).  Ligament and 

meniscal injuries were associated with linoleate metabolism, which is related to arachidonic acid 

metabolism and the generation of prostaglandins and eicosanoids (yellow). Additionally, the 

metabolite features involved in the carnitine shuttle was detected in high abundances in 

participants with ligament and meniscal injuries. L = ligament injuries. M = meniscal injuries. 

LM = ligament and meniscal injuries. 

Participants with L injuries showed the greatest dysregulation of sialic acid metabolism 

compared to other injuries. Sialic acid plays a vital role in cell differentiation, proliferation, and 

inflammation. Previous studies have linked elevated plasma sialic acid concentration to 

inflammation24, 25 and OA26. Enriched sialic acid metabolism in SF from L participants may reflect 

joint inflammation post-injury and could be monitored long-term. However, additional 

investigation is needed to understand the relationship between sialic acid and joint inflammation 

following injury and downstream PTOA development. 
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Aspartate and asparagine metabolism was the most dysregulated in participants with L 

injuries compared to other injuries. Both amino acids have anti-inflammatory effects and are found 

in low concentrations in OA patient serum27, 28. Sheep SF analysis post-ACL injury also showed 

increased levels of these amino acids compared to non-injured controls17. Proline and arginine 

metabolism was detected in both L and M injuries and was the lowest in LM injuries. Proline, a 

downstream product of arginine, contributes to collagen synthesis29 and has been associated with 

OA28. A prior study detected higher concentrations of these amino acids in SF immediately 

following injury that then decreased overtime in a non-invasive mouse ACL tear model22 leading 

authors to hypothesize that these amnio acids could be markers of injury but further investigation 

is needed.  

Amongst M participants, lipid-related oxidative metabolic pathways were the most 

dysregulated compared to L and LM participants. During normal conditions, SF relies on lipid 

species to provide lubrication and reduce joint friction, therefore, this dysregulation likely reflects 

the lubrication and inflammatory statuses of the joint tissue post-M injury. Moreover, the 

dysregulation of fatty acid biosynthesis, oxidation, and degradation as well as glycolysis and the 

TCA cycle across participants with M injuries may reflect mitochondrial health and dysfunction 

in other joint tissues post-injury. Functioning mitochondria rely on glucose and fatty acids to yield 

energy, but dysfunctional mitochondria switch to relying on fatty acids more than glucose30, 31. 

This can lead to the accumulation of fatty acids32, 33 resulting in lower ATP production, impaired 

stress response, an increase in reactive oxygen species, apoptosis, and combined can lead to 

systemic irreparable damage34. Previous studies have also found dysregulated lipid metabolism in 
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SF from OA patients13 and altered fatty acid metabolism in injured mice21, suggesting its 

significance in joint health.  

Previous metabolomics studies on SF and the results of this cross-sectional study suggest 

that M injuries may trigger mitochondrial dysfunction leading to an influx of fatty acids into the 

mitochondria where they become the primary energy source. This could cause accumulation and 

potential development of PTOA, or early-stage OA develop. The response appears to be more 

pronounced in M injuries, indicating distinct metabolic mechanisms are associated with specific 

injuries, Further investigation into metabolic regulation following injury could provide insights 

into the contribution of endogenous repair pathways to PTOA development.  

Linoleate metabolism was the most dysregulated pathway among LM participants 

compared to L and M participants. Linoleic acid, a prominent fatty acid in SF, may be related to 

the degree of joint disease based on previous studies35, 36. This pathway is upstream of arachidonic 

acid metabolism which generates fast-acting and short-lived signaling molecules such as the pro-

inflammatory prostaglandin, PGH2, by cleaving and converting arachidonic acid37, 38. Arachidonic 

acid has been detected in OA SF, with higher levels in early stages and lower levels in late-stage 

OA38, 39. Furthermore, arachidonic acid metabolism was upregulated in SF from both naïve and 

germ-free mice following non-invasive ACL injury compared to healthy non-injured mice21. 

Therefore, the detection of linoleic acid and metabolites in this study may be associated with 

signaling, prostaglandin generation, and inflammation post-LM injury. Larger studies with SF 

samples from healthy and PTOA individuals are needed to confirm if metabolites related to 

linoleate metabolism could serve as markers to monitor PTOA development.  
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 Combined, the magnified dysregulation of amino acid-related pathways in LM 

participants, and fewer in M and L participants, suggest that traumatic joint injuries in general 

require a higher cellular demand for amino acids for various reasons (i.e., energy generation, 

collagen synthesis, inflammation).  Few studies have determined the cellular density in healthy 

and injured menisci and ligaments40-42, making it valuable to combine cellular density data with 

metabolomics for better insights into amino acid metabolism post-injury. Additional studies 

comparing the SF metabolome from healthy non-injured, recently injured, and PTOA patients are 

needed to fully comprehend the metabolic mechanisms driving PTOA progression.  

The Synovial Fluid Metabolome Differs in Association 

with Participant Sex and Injury Pathology 

Females have a higher risk of knee injury and PTOA development compared to males8-10. 

Despite empirical sex differences, diagnosis and treatment do not differ43. Therefore, the detection 

of sex differences at the metabolic level in the present study support sex as a prevalent PTOA risk 

factor. SF-derived metabolite features were associated with participant sex, and metabolically 

distinct profiles were observed between males and females with similar injuries. This is the first 

study, to our knowledge, to assess sex differences considering different injury pathologies in 

human SF.  

Cervonyl carnitine was higher in all female participants compared to all male participants. 

Carnitines regulate oxidative and metabolic statuses, maintain membrane stability, and contribute 

to b-oxidation by transporting fatty acids into mitochondria44, 45. Circulating estrogen levels are 

much higher in females than males, resulting in an increased expression of fatty acid oxidation 

proteins and pathways such as adenosine monophosphate-activated protein kinase (AMPK)46, 47. 

AMPK is a key energy sensor that promotes ATP production48, 49.  The proposed mechanism for 
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estrogen activation of AMPK entails estrogen binding to estrogen-receptor b (ERb), causing an 

increase in Ca2+ stimulating Ca2+/Calmodulin-dependent protein kinase kinase b (CaMKKb) to 

phosphorylate the AMPKa subunit where anabolism is inhibited and catabolism is activated 

resulting in the transport of fatty acids into the mitochondria to perform b-oxidation and generate 

ATP50 (Supplemental Fig. 4.1).  

Atypical AMPK activity has been implicated in OA where impaired mitochondrial function 

increases reactive oxygen species and decreases ATP production causing cartilage degeneration, 

inflammation, and abnormal subchondral bone remodeling49. Therefore, elevated carnitine species 

in females compared to males may demonstrate that females rely on different metabolic pools and 

mechanisms, like AMPK activation via estrogen, to meet energy demands post-injury. Monitoring 

carnitine-related species overtime could gauge b-oxidation rates, AMPK activity and function, 

joint health, and predict PTOA onset and development. Additional research is needed to explore 

the sexual dimorphic nature of traumatic knee injury in both human and animal injury models and 

enhance current understanding of the relationship between injury and sex. These findings 

underscore patient sex as a significant risk factor for injury and PTOA, warranting further 

investigation to positively influence patient treatment strategies.  

Limitations 

While this study finds that metabolic phenotypes reflect patient sex and injury pathology, 

it is not without limitations. Firstly, a major limitation is the lack of healthy non-injured 

participants as well as participates with PTOA which limits analyses and study conclusions. 

Secondly, sample size in general was small and was not uniform across injury pathology groups. 
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Thirdly, a common limitation of LC-MS/MS is that not all metabolite features detected are able to 

be identified. Therefore, metabolite features that best reflect injury pathology may not have been 

identified in the current study but have noteworthy metabolic regulation patterns that can be further 

pursued in additional studies. 

Conclusions 

The results of this cross-sectional study demonstrate that injured males and females have 

distinct metabolic phenotypes. Considering sex differences associated with injury rates and PTOA 

development, the detection of dysregulated metabolites between male and females can be used to 

positively influence patient treatment and intervention. Future studies aim to investigate the 

interaction between PTOA, sex, and other PTOA risk factors (i.e., BMI, age). This mass 

spectrometry-based global approach differentiated participants with L, M, and LM injuries 

highlighting differences in lipid- and oxidative-related metabolism, amino acid metabolism, and 

inflammatory-associated pathways. Additional comparison of these metabolic phenotypes to 

healthy non-injured and PTOA phenotypes is needed to pinpoint joint-level metabolic activity 

post-injury over time. Completion of this work has the potential to improve patient treatment and 

identify biomarkers and druggable targets to slow, stop or reverse PTOA progression.  
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Abstract 

Objective: Although it is widely acknowledged that injury is a common risk factor for post-

traumatic osteoarthritis (PTOA), little is known about alterations in metabolism and 

microarchitecture that occur throughout the joint post-injury. Thus, the objective was to identify 

tissue-specific and spatially dependent metabolic signatures perturbed by injury between male and 

female mice. 

Design: Male and female C57Bl/6J mice, aged 21 weeks, were subjected to non-invasive ACL 

injury. Serum, synovial fluid, and whole joints were harvested at 8 days post-injury for liquid 

chromatography-mass spectrometry-based metabolomics to investigate differences between 

tissues and between injured, contralateral, and naïve limbs and shed light on local and systemic 

responses post-injury. Additionally, matrix-assisted laser desorption ionization-mass spectrometry 

imaging (MALDI-MSI) was performed on whole joints to spatially locate and identify differences 

in populations of metabolites between injured, contralateral, and naïve joints.  

Results: Metabolomic analyses revealed distinct metabolic profiles associated with both sex and 

injury status. Specifically, differences in metabolism between male and female injured and naïve 

mice mapped to various amino acid pathways as well as purine and pyrimidine metabolism. 

Moreover, the application of MALDI-MSI characterized molecular differences between cartilage 

and bone and across injured, contralateral, and naïve joints.   

Conclusions: These findings indicate significant metabolic and pathological shifts following joint 

injury, with notable sex-specific associations. By integrating metabolomics and MALDI-MSI 

approaches, this study provides insights into the comprehensive effects of injury and sex on the 

joint, advancing our understanding of PTOA development.  
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Introduction 

Post-traumatic osteoarthritis (PTOA) accounts for 12% of all osteoarthritis (OA) cases, 

equating to 5.6 million cases annually1, 2. The most prevalent risk factor for PTOA is joint injury.  

The annual incidence rate of anterior cruciate ligament (ACL) injuries is 250,000, commonly 

occurring in individuals between the ages of 16 and 24. Unfortunately, upwards of 50% of patients 

will develop PTOA within 10-20 years of injury3-6.  Behind injury, a noteworthy PTOA risk factor 

is sex. Young female athletes are two to eight times more likely to sustain a traumatic knee injury 

requiring surgical repair compared to their male counterparts7, 8. Following repair, female athletes 

experience greater joint instability and physiological stress and have a 25% less chance of 

returning to their sport within 5 years compared to male athletes8-10. Later in life, females are more 

likely to develop OA and often experience greater symptom severity11, 12. This sexual dimorphism 

can be boiled down to anatomical and hormonal differences where females have wider pelves, 

smaller femurs, different muscle angles, and physically smaller ACLs13, 14.  Despite these empirical 

sex differences, many studies fail to include both female and male subjects and, specific to sports, 

male-dominated sports are typically focused on.   

Preclinical mouse models have improved the fieldôs understanding of PTOA where PTOA 

can be induced through ACL destabilization of the medial meniscus (DMM), intraarticular 

injection to induce degradation, or ACL transection15. Each is met with challenging procedures 

and often fails to fully replicate in vivo pathophysiology. A non-invasive PTOA model, involving 

tibial compression overload, has been shown to simulate clinical ACL tears where natural joint 

processes occurring at the early time points after injury are observed15-18. A handful of studies have 

employed this non-invasive PTOA model and have observed changes in musculoskeletal tissues 
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post-injury at different time scales. Specifically, changes in trabecular bone have been detected 

within 7 days post-injury using microCT16 and synovial fluid (SF) and serum metabolism has been 

shown to rapidly shift after injury (days 1 and 7 post-injury)19.  

While it is well known that injury and sex are prevalent PTOA risk factors, underlying 

mechanisms and changes in metabolism and microarchitecture following injury remain 

incompletely understood.  Thus, preclinical models can be leveraged to examine acute differences 

in response to injury at different time scales and across various tissues using mass spectrometry-

based approaches. Metabolomics ï the study of small molecule intermediates called metabolites ï 

captures the physiological and metabolic status of the joint. While SF and serum have been 

assessed post-injury in human and mouse models19-23, metabolomics can also be applied to whole 

joint tissue to characterize metabolic changes occurring in bone and cartilage post-injury. We 

hypothesize that a metabolomic assessment of all three tissues in injured and naïve male and 

female mice will reveal metabolic shifts that are both unique and conserved across tissues. Once 

characterized, these markers could be measured through SF needle biopsy or simple bloodwork in 

the clinical setting to improve post-injury care. Moreover, investigating all three tissues post-injury 

will shed light on whether shifts in metabolism parallel pathological changes in bone.  

A second mass spectrometry-based approach is matrix-assisted laser desorption ionization-

mass spectrometry imaging (MALDI-MSI). This technique produces a two-dimensional chemical 

map that can spatially locate and detect differences in osteochondral metabolites that compose the 

mouse knee joint. MALDI-MSI is a powerful tool that can complement traditional measurements 

used to examine cartilage and bone, as it spatially resolves and characterizes molecular species in 

a single molecular imaging experiment in a label-free way24. By capturing spatial and temporal 
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information with high resolution, the molecular aspects of injury on the joint can be examined25, 

26. A small handful of studies have applied MALDI-MSI to study musculoskeletal tissues such as 

cartilage27, 28 and synovium29, however, no study to date has utilized MALDI-MSI to characterize 

molecular changes between male and female injured and naïve mice.  

The first objective of this study was to characterize metabolomic differences within and 

across whole joints, SF, and serum from injured and naïve male and female mice using liquid 

chromatography-mass spectrometry (LC-MS). Investigating differences in metabolism in different 

tissues and between injured, contralateral, and naïve limbs is important as it will shed light on both 

local and systemic metabolic responses following injury. The second objective of this study was 

to spatially locate and identify osteochondral metabolites using MALDI-MSI. By combining 

untargeted metabolomic profiling and MALDI-MSI, we can pinpoint the origin of metabolic and 

pathological shifts and gain a better understanding of the effects of injury and sex on the joint as a 

whole.   

Methods 

Animals 

C57Bl/6J male and female mice (N=20, n = 10 female, n = 10 male) were utilized to 

compare the spatial and metabolic effects of injury and sex on the whole joints, SF, and serum. 

Mice were purchased from Jackson Labs at 18 weeks of age and acclimated to the Montana State 

University Animal Research Center for 3 weeks. All mice were housed in cages of 3-5 mice and 

fed a standard chow-fed diet ad libitum (PicoLab Rodent Diet 20, 20% protein). All animal 

procedures were approved by the Institutional Animal Care and Use Committee at Montana State 

University.  
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Joint Injury Model and Experimental Design 

Once acclimated, mice were randomly assigned to experimental groups: injured or non-

injured. Those assigned to the injury group were subjected to a non-invasive injury model where 

the ACL is ruptured in a way that closely mimics ACL rupture in humans, an injury associated 

with degeneration of bone and cartilage15, 30. Historically, this model begins to display changes in 

subchondral trabecular bone at 7 days16. Thus, experimental groups are as follows with five mice 

in each group: male injured mice, male naïve mice, female injured mice, and female naïve mice.  

On the day of injury, mice were anesthetized using isoflurane inhalation. Mice were then 

placed in the custom-built tibial compression system where a single compressive overload to the 

lower leg was applied (target force = 12N, loading rate = 130 mm/s)20. The injured side was also 

randomized for mice assigned to injury groups. After 8 days, all mice were euthanized via cervical 

dislocation followed by a thoracotomy. Samples collected included both whole joints, SF, and 

serum from every mouse. Whole joints were harvested, all soft tissue was removed and were stored 

intact. SF was recovered and then extracted using established protocols31, with some 

modifications. To access the SF, skin was removed from the leg, and using a scalpel, the tibial 

plateau was palpated to identify the joint line. Next, an anterior incision was made through the 

patellar tendon then retracted to access the joint capsule where a second incision was made to 

access the SF via Whatman paper (Sigma, WHA1441042). Once saturated, Whatman paper with 

adsorbed SF was placed in a 1.5 mL microcentrifuge tube where 150 uL of 80:20 methanol:H2O 

was added. Blood samples were obtained by cardiac puncture, collected in a standard red top serum 

tube microtainer (BD Microtainer Red Tubes No Additive, 365963), inverted six times, then 

incubated at room temperature for 60 minutes to activate clotting factors. Serum samples were 

centrifuged at 2000 x g for 10 minutes at 4C̄ to remove cells and remaining clotting factors. 
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Resulting supernatant designated as serum were transferred to a clean 1.5 mL microcentrifuge 

tube. All samples were stored at -80̄ C until metabolite extraction.  

Metabolite Extraction and Mass Spectrometry 

Instrumentation 

Whole joints selected for metabolomic analysis were removed from -80̄ C, allowed to thaw 

over ice, and disarticulated to separate the tibia and femur. The distal end of the tibia and proximal 

end of the femur were trimmed and centrifuged for 5 minutes at 16,100 x g at 4C̄  to remove bone 

marrow. Next, bones were combined in one homogenization tube, precipitated with 1 mL of 80:20 

methanol:H2O, and homogenized using a tissue homogenizer (1200 GenoLyte, Fischer Scientific). 

Following homogenization, whole joint samples were placed at -20̄ C overnight.  

The next day, SF and serum were centrifuged for 5 minutes at 500 x g at 4C̄ to remove 

cells and debris. Supernatant was transferred and three times the volume 80:20 methanol:H2O was 

added. Upon vortexing for 3 minutes, samples were chilled at -20̄ C for 30 minutes. At this point, 

all samples including whole joint, SF, and serum samples were extracted the same and together. 

Thus, all samples were removed from -20̄ C, centrifuged for 5 minutes at 16,100 x g at 4C̄, and 

supernatant was dried via vacuum concentration. To remove any remaining proteins, as well as 

lipids and waxes, dried extracts were then resuspended with 250 uL of 1:1 acetonitrile:H2O, 

vortexed, chilled at -20̄ C for 30 minutes, and centrifuged again for 5 minutes at 16,100 x g at 4C̄. 

Supernatant was dried once more and once dried, extracts were prepped for LC-MS using 100 uL 

of 1:1 acetonitrile:water. Additionally, pooled samples were generated by randomly pooling a total 

of 50 uL for each tissue type (n=4/tissue), then pooled samples from each tissue type were also 
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pooled for identification purposes. All solvents used were mass spectrometry HPLC grade (Fischer 

Scientific).   

All samples, including extracted tissues and pools, were analyzed via LC-MS as previously 

described22. In brief, a Waters Acquity UPLC Plus interfaced via an electrospray ionization source 

(positive mode) to a Waters Synapt XS was used. For chromatography, an Acquity Waters HILIC 

column (150 x 2.1mm) at a flow rate of 0.400 uL/min was utilized to separate metabolites over a 

12-minute gradient (A=95/5% water/acetonitrile, B = 95/5% acetonitrile/water). Every 10 

injections, a quality control blank, an internal standard, and a matrix blank were injected to 

minimize spectra drift, assess LC-MS performance, and monitor overtime. All extracted tissues 

underwent LC-MS, whereas pooled samples were analyzed via liquid chromatography-tandem 

mass spectrometry (LC-MS/MS) at a constant energy ramp of 30-50V for secondary ionization to 

derive metabolite identifications.  

Statistical and Metabolomic Profiling 

All LC -MS data ï mass-to-charge ratios (m/z), relative metabolite abundance, and 

retention time ï were processed using MSConvert and Progenesis QI. Using previously established 

pipelines for analysis22, 32, 33, data underwent interquartile range normalization, log-transformation, 

and autoscaling in MetaboAnalyst (version 6.0)34. Analyses performed in MetaboAnalyst to 

visualize metabolomic differences between injured and naïve male and female mice across tissue 

types included principal component analysis (PCA), and partial least squares-discriminant analysis 

(PLS-DA). To distinguish populations of differentially regulated metabolite features across 

experimental groups, fold change, volcano plot analysis, and PLS-DA VIP Score analyses were 
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performed. Heatmap analysis was conducted to pinpoint clusters of metabolite features that are 

co-regulated and differentially regulated across experimental groups.  

Populations of metabolite features distinguished by these tests were then subjected to 

pathway enrichment analyses using MetaboAnalystôs Functional Analysis feature where the 

mummichog algorithm is used to project metabolite features onto pathways to derive biological 

relevance. To do this, Kyoto Encyclopedia of Genes and Genomes (KEGG) Mus muscis pathway 

library was used as the primary reference library to reference metabolites and metabolic pathways 

(positive mode, mass tolerance = 5 parts per million, version 1). Significance for statistical and 

pathway analyses was determined using a false discovery rate (FDR)-corrected significance level 

of p < 0.05.  

Metabolite Identification 

Pooled samples were subjected to LC-MS/MS where ions are fragmented. This acquired 

fragmentation pattern can then be matched against theoretical fragmentation patterns to identify 

metabolites. All fragmentation data were imported, peak picked, and aligned using Progenesis QI 

(Nonlinear Dynamics, Newcastle UK, version 3.0). Here, Progenesis QI efficiently identifies 

metabolites using a computational framework that compares fragmentation patterns across various 

databases. For the present study, databases searched included the Human Metabolome Database 

(HMDB), METLIN, and ChemSpider. Once patterns are searched across databases, metabolite 

identities are assigned a fragmentation and overall Progenesis score. In This score is determined 

based on retention time, isotope distribution, and mass error. For a metabolite identification to be 

deemed legitimate, fragmentation and overall Progenesis scores were required to be greater than 

30 and 65 (out of 100), respectively. Once identified and filtered by score, they were matched 
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against populations of LC-MS-based features distinguished by statistical analyses to unveil 

potential metabolic indicators of disease as well as sexually dimorphic identities. To minimize 

false identifications when comparing LC-MS and LC-MS/MS metabolite features and 

identifications, a tolerance level of 10 parts per million was enforced.  

MALDI-MSI Sample Preparation 

Whole joints selected for MALDI-MSI were removed from -80̄ C and prepped according 

to the novel protocol developed for whole joint sectioning and imaging (Fig. 6.1).  Firstly,  whole 

joints were thawed over ice, and the distal end of the tibia and proximal end of the femur were 

trimmed. Next, whole joints were embedded in warm 5% carboxymethylcellulose sodium salt 

(ThermoFischer, A18105-36) and 10% gelatin (Thermo Scientifiic, AC611995000)35, 36 . This 

medium as selected over optimal cutting temperature (OCT) as it is incompatible with mass 

spectrometry analysis due to the presence of polyethylene glycol, a major ion suppressor. 

Embedded whole joints were mounted to the chuck and sagittal 8 um sections were cryosectioned 

using a Tissue-Tek Accu-Edge 4689 blade in a cryostat set to -30̄ C (OTF5000 Cryostat, Bright 

Instrument Co Ltd). Specifically, the medial and lateral aspects of the joint were sectioned as these 

are the primary sites of degeneration for this injury model16, 37. Because whole joints did not 

undergo formalin fixation or paraffin embedding, Cryofilm 3C 16 UF (SECTION-LAB, 

Hiroshima, Japan) was applied and adhered to the tissue block to assist in transferring sections to 

indium tin oxide (ITO) slides (Delta Technologies, CB-401N, 4-10 W/sq, 25 x 50 mm)38. Sections 

were adhered to ITO slides using double-stick tape and then directly stored at -80̄ C until matrix 

application.  
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Figure 6.1. MALDI-MSI experimental workflow to spatially image osteochondral metabolites. 

Whole joints were obtained from C57Bl6/J male and female injured and naïve mice, embedded 

in 5% carboxylmethylcellulose (CMC)/10% gelatin, sectioned (8 um), transferred to indium tin 

oxide (ITO) slides, and sublimed with 2,5-dihydroxybenzoic acid matrix. Data were then 

acquired using 2D laser scanning followed by reconstruction of intensity images representing 

m/z values and intensity.  

Matrix Application 

An in-house sublimation apparatus (Chemglass Life Sciences, CG-3038) was used for 

matrix application (Supplemental Fig. 6.1). Application using sublimation was chosen over matrix 

spraying because it forms smaller more homogenous matrix crystals, lacks liquid reducing the risk 

of molecule migration, and is more reproducible39. Moreover, solvent exposure from matrix 

spraying can cause microcracks in bone marrow and bone36. Four whole joint sections were present 

on each ITO slide, and slides were weighed before sublimation.  300 mg of 2,5-dihydroxybenzoic 

acid (DHB) (Alfa Aesar, 490-79-9) was uniformly dispersed in the base of the sublimation 

apparatus, ITO slides were affixed to the flat bottom condenser using conductive adhesive which 

was then filled with tap water (22̄C). The two glass compartments of the sublimator were 
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assembled using an O-ring seal and connected to a vacuum pump. Tissue sections on ITO slides 

were sublimated at 50̄C for 3 minutes under 68 mTorr vacuum, resulting in a uniform matrix layer 

(0.05 mg/cm2). Optimization of matrix deposition through sublimation was determined by 

adjusting temperature of the hot plate, amount of matrix, and time of sublimation. Following 

sublimation, matrix was recrystallized using a hydration chamber with 300 uL of 5% methanol 

0.1% formic acid spotted onto Whatman paper. The chamber was heated in a 37̄C oven for 1 

minute, then ITO slides were sealed in the chamber and heated at 37C̄ for 1 minute.  

MALDI Image Acquisition 

 A Bruker AutoFlex III MALDI Time-of-Flight (TOF) mass spectrometer (Bruker 

Daltonics) equipped with a MTP Slide Adapater II Imaging Plate (Bruker Daltonics) was used for 

image acquisition. Due to the size of the sublimator and ITO slides (25 x 50 mm), two small 

aluminum slide trays were milled to properly fit ITO slides into the imaging plate. Using a 

Smartbeam Nd:YAG laser (355 nm) and Bruker FlexImaging, images were collected in positive 

ionization and TOF modes in the 50-1000 m/z mass range averaging 200 laser shots per pixel with 

a 100-um lateral resolution (range = 90%, offset = 10%, laser power = 30%). Imaging data 

collected were analyzed using FlexImaging and MSiReader. Following MALDI-MSI, ITO slides 

with sections will be washed with ethanol to remove DHB, then stained with Safranin O and Fast 

Green. Digital images will be obtained to define and correlate obtained MALDI-MSI images with 

histological information. Additionally, serial sections not subjected to MALDI-MSI will be stained 

and digitally imaged to properly align features seen in the histology with molecular information.  
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Results 

Injury Perturbs the Metabolome Across Whole Joints, 

Synovial Fluid, and Serum 

In total, 2,770 metabolite features were detected by LC-MS across all samples (n=92). 

First, whole joints, SF, and serum were assessed to determine if metabolomic profiles were distinct 

between tissues. Using PLS-DA, the metabolomes of whole joints, SF, and serum are substantially 

distinct when assessing all samples (Supplemental Fig. 6.2 A) and only injured samples 

(Supplemental Fig. 6.2 B). ANOVA analysis revealed 2,264 and 1,891 metabolite features that 

were significantly dysregulated across all samples and only injured samples, respectively 

(Supplemental Fig. 6.2 C-D).   

To visualize, assess, and distinguish metabolic differences associated with injury within 

each sample type, PLS-DA, fold change, and volcano plot analyses were conducted. First, using 

PLS-DA, differences associated with injury were assessed in whole joint, SF, and serum (Fig. 6.2  

A-C). When comparing injured and naïve whole joints and SF, some overlap is observed (Fig. 6.2  

A-B), whereas distinct separation with no overlap is observed when comparing serum from injured 

and naïve mice (Fig. 6.2 C). To distinguish populations of metabolite features driving these 

differences, fold change analysis was performed (Fig. 6.2 D-F).  
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Figure 6.2. Global metabolomic profiles of whole joints, synovial fluid, and serum are driven by 

injury status. (A-C) Partial Least Squares-Discriminant Analysis (PLS-DA) finds some overlap 

between injured and naµve whole joint and synovial fluid and near-perfect separation of injured 

and naµve serum. (D-F) Fold change analysis distinguished populations of metabolite features 

driving separation of metabolomic profiles. (D) Specifically, 250 and 291 metabolite features 

were highest in injured and naµve whole joints, respectively. (E) 373 and 155 metabolite features 

were highest in injured and naµve synovial fluid, respectively. (F) 386 and 195 features were 

highest in injured and naµve serum, respectively. (G-I) To further examine metabolic differences 

associated with injury status across tissue types, volcano plot analysis was performed and 

identified numerous metabolite features that had a fold change > 2, a p-value < 0.05, and were 

differentially regulated between injured and naµve whole joints (G, n = 70), synovial fluid (H, n = 

131), and serum (I, n = 26). The colors in A-I correspond to: purple = naµve, orange = injured, 

red = whole joint, blue = synovial fluid, yellow = serum.  

Populations of features distinguished by fold change analysis were subjected to pathway 

analysis where 2 pathways ï pantothenate and CoA biosynthesis and histidine metabolism ï were 

highest in injured whole joints, whereas 5 pathways including various amino acid pathways and 
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terpenoid backbone synthesis were highest in naïve whole joints (Table 6.1 A).  Features highest 

in injured SF compared to naïve mapped to 8 significant pathways including various amino acid 

pathways, glutathione metabolism, and pyrimidine metabolism. Conversely, features highest in 

naïve SF compared to injured mapped to 4 significant pathways including biosynthesis of 

unsaturated fatty acids, purine metabolism, terpenoid backbone biosynthesis, and valine, leucine, 

and isoleucine biosynthesis (Table 6.1 B). Features highest in injured serum, compared to naïve 

serum, mapped to 5 significant pathways including 4 amino acid pathways and nicotinate and 

nicotinamide metabolism. Conversely, those highest in naïve serum, compared to injured serum, 

mapped to 11 significant pathways including purine and pyrimidine metabolism, vitamin B6 

metabolism, glutathione metabolism, amino acid pathways, and various others (Table 6.1 C). 

Volcano plot analysis, which combines both fold change and significance, identified numerous 

features that were highest in injured and naïve whole joints, SF, and serum (Fig. 6.2 G-I). Features 

distinguished by volcano plot analysis were matched to metabolite identifications made using LC-

MS/MS data to unveil potential metabolic indicators of injury (Supplemental Table 6.1). Of these, 

3,4-Dimethyl-5-pentyl-2-furanundecanoic acid was differentially regulated between naïve and 

injured whole joints, whereas numerous amino acid putative identified metabolites, such as D/L-

glutamine, was highest in injured SF compared to naïve (Supplemental Table 6.1).  
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Table 6.1. Metabolic pathways detected in naµve and injured (A) whole joints, (B) synovial fluid, 

and (C) serum. All pathways listed were false discovery rate (FDR)-corrected using the 

Benjamini-Hochberg method.   

 

A) Pathways detected in whole joints

FDR p-valuePathwayGroup

0.024163Pantothenate and CoA biosynthesisInjure

0.040172Histidine metabolismInjure

0.015987Lysine degradationNaµve

0.015987Drug metabolism - cytochrome P450Naµve

0.017842Arginine and proline metabolismNaµve

0.020499Terpenoid backbone biosynthesisNaµve

0.045619Valine, leucine and isoleucine degradationNaµve

B) Pathways detected in synovial fluid

0.022076Alanine, aspartate and glutamate metabolismInjured

0.022076Arginine and proline metabolismInjured

0.037936Pyrimidine metabolismInjured

0.037936Lysine degradationInjured

0.037936Glutathione metabolismInjured

0.044408Arginine biosynthesisInjured

0.044408D-Amino acid metabolismInjured

0.045814Glycine, serine and threonine metabolismInjured

0.017571Biosynthesis of unsaturated fatty acidsNaµve

0.022971Purine metabolismNaµve

0.03946Valine, leucine and isoleucine biosynthesisNaµve

0.040529Terpenoid backbone biosynthesisNaµve

C) Pathways detected in serum

0.033874Arginine and proline metabolismInjured

0.032385Drug metabolism - cytochrome P450Injured

0.041471Glutathione metabolismInjured

0.029415Glycerophospholipid metabolismInjured

0.045182One carbon pool by folateInjured

0.011805Purine metabolismInjured

0.041047Pyrimidine metabolismInjured

0.019908Terpenoid backbone biosynthesisInjured

0.0086968Valine, leucine and isoleucine biosynthesisInjured

0.0064471Valine, leucine and isoleucine degradationInjured

0.019908Vitamin B6 metabolismInjured

0.01868Arginine biosynthesisNaµve

0.025558beta-Alanine metabolismNaµve

0.03923D-Amino acid metabolismNaµve

0.014393Histidine metabolismNaµve

0.037164Nicotinate and nicotinamide metabolismNaµve



181 

 

Systemic Response Following Joint Injury Across Limbs in 

Whole Joints and Synovial Fluid 

To further examine metabolic differences associated with injury - injured, contralateral, 

and naive whole joints and SF were examined.  PLS-DA analysis of all three joint types revealed 

overlap, where the metabolome of injured whole joints and SF resides between contralateral and 

naïve whole joints and SF (Fig. 6.3 A, C), suggesting metabolic differences associated with injury 

at the whole joint and SF levels are observed in the contralateral limb.  

Next, a median intensity heatmap analysis normalized to naïve samples was performed to 

visualize and pinpoint clusters of metabolite features that are co-regulated and differentially 

expressed across limbs. Clusters of metabolite features were then subjected to pathway analyses.  

Comparing injured, contralateral, and naïve whole joints, 22 significant pathways were detected 

across 8 clusters (Fig. 6.3 B, Table 6.2). Noteworthy pathways that were highest in injured joints, 

and similar in regulation in contralateral and naïve joints, mapped to glycerophospholipid 

metabolism (Cluster 3). Glutathione and purine metabolism were highest in injured whole joints, 

but lowest in contralateral joints (Cluster 4). Conversely, lysine degradation was highest in 

contralateral whole joints, and lower in injured and naïve whole joints (Cluster 5). Metabolite 

features that were higher in both injured and contralateral joints mapped to a handful of pathways 

including amino acid pathways, biosynthesis of unsaturated fatty acids, porphyrin metabolism, and 

selenocompound metabolism (Clusters 6-8). Metabolite features lowest in both injured and 

contralateral whole joints compared to naïve joints mapped to nitrogen metabolism (Clusters 1, 2).  
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Figure 6.3. Distinct metabolomic profiles exist between injured, contralateral, and naµve limbs. 

Partial Least Squares-Discriminant Analysis (PLS-DA) reveals overlap between injured, 

contralateral, and naµve (A) whole joints and (C) synovial fluid with injured samples clustering 

together between contralateral and naµve samples. To pinpoint pathways driving metabolomic 

differences between limbs with different injury statuses, median intensity heatmap analyses 

where injured and contralateral limbs were normalized to naµve limbs were performed. Clusters 

of co-regulated metabolite features within (B) whole joint and (D) synovial fluid samples were 

subjected to pathway analyses to identify biological pathways that differ in regulation across 

limbs in both whole joint and synovial fluid samples. Combined, data provide strong evidence of 

distinct metabolomic regulation associated with injury status. Columns represent limbs (naµve, 

injured, contralateral) and rows represent metabolite features. Cooler and warmer colors indicate 

lower and higher metabolite abundance relative to the mean, respectively. Colors in A-D 

correspond to: naµve = purple, orange = injured, green = contralateral.  
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Table 6.2. Metabolic pathways associated with injured, contralateral, and naµve whole joints 

identified by median metabolite intensity heatmap analysis. Clusters defined in Figure 6.3B. All 

pathways listed were false discovery rate (FDR)-corrected using the Benjamini-Hochberg 

method.   

 

Similarly, SF metabolic shifts in SF following injury across limbs were assessed using a 

median heatmap analysis (Fig. 6.3 D, Table 6.3). Metabolite features lowest in injury, but similar 

in regulation in contralateral and naïve SF, mapped to fructose and mannose metabolism, cysteine 

and methionine metabolism, taurine and hypotaurine metabolism, and pyruvate metabolism 

(Cluster 1). Metabolite features lowest in both injured and contralateral SF, compared to naïve SF, 

mapped to 5 pathways including amino acid pathways and purine metabolism (Cluster 2). 

Interestingly, metabolite features highest in contralateral SF, but similar in regulation in injured 

FDR p-valuePathwayCluster

0.038724Nitrogen metabolism1

0.026682Glycerophospholipid metabolism3

0.037509Glutathione metabolism4

0.039218Purine metabolism4

0.029907Lysine degradation5

0.020728Tyrosine metabolism6

0.021793Phenylalanine, tyrosine and tryptophan biosynthesis6

0.024627Drug metabolism - cytochrome P4506

0.032414Ubiquinone and other terpenoid-quinone biosynthesis6

0.040583Biosynthesis of unsaturated fatty acids7

0.026954Glycine, serine and threonine metabolism8

0.042532Porphyrin metabolism8

0.046842Selenocompound metabolism8

0.029542Alanine, aspartate and glutamate metabolism1,3

0.02755Pyrimidine metabolism1,4

0.032888Arginine biosynthesis1,4

0.04208Arginine and proline metabolism1,4,8

0.04524D-Amino acid metabolism1,8

0.029633Phenylalanine metabolism2,6

0.0262Valine, leucine and isoleucine biosynthesis2,7,8

0.024963Histidine metabolism3,4

0.033736Valine, leucine and isoleucine degradation7,8
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and naïve SF, mapped to sphingolipid metabolism and biosynthesis of unsaturated fatty acids 

(Cluster 3). Those highest in injured SF, but lower in contralateral and naïve SF, mapped to beta-

alanine metabolism and glutathione metabolism (Cluster 5). Lastly, metabolite features relatively 

higher in both injured and contralateral SF, compared to naïve SF, mapped to pyrimidine 

metabolism and terpenoid backbone biosynthesis (Cluster 6). All pathways reported had an FDR-

corrected p < 0.05. 

Table 6.3. Metabolic pathways associated with injured, contralateral, and naµve synovial fluid 

identified by median metabolite intensity heatmap analysis. Clusters defined in Figure 6.3D. All 

pathways listed were false discovery rate (FDR)-corrected using the Benjamini-Hochberg 

method.   

 

 

FDR p-valuePathwayCluster

0.045507Fructose and mannose metabolism1

0.045507Cysteine and methionine metabolism1

0.048399Taurine and hypotaurine metabolism1

0.048399Pyruvate metabolism1

0.015813Tryptophan metabolism2

0.015952Purine metabolism2

0.015952Alanine, aspartate and glutamate metabolism2

0.018787D-Amino acid metabolism2

0.043755Arginine biosynthesis2

0.019835Sphingolipid metabolism3

0.028159Biosynthesis of unsaturated fatty acids3

0.042318beta-Alanine metabolism5

0.045005Glutathione metabolism5

0.015242Pyrimidine metabolism6

0.021309Terpenoid backbone biosynthesis6

0.014108Phenylalanine metabolism1,2

0.014873Lysine degradation1,2

0.017409Arginine and proline metabolism1,2

0.01907Drug metabolism - cytochrome P4501,2

0.019654Phenylalanine, tyrosine and tryptophan biosynthesis1,2

0.03806Tyrosine metabolism1,2

0.03037Valine, leucine and isoleucine degradation1,4,6

0.040028Histidine metabolism2,5

0.048673Valine, leucine and isoleucine biosynthesis4,5
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Additionally, pairwise comparisons of injured, contralateral, and naïve whole joints and 

SF were performed to further examine the effects of injury across different joints (Supplemental 

Figures 6.3, 6.4, Supplemental Tables 6.2, 6.3). The results of pairwise comparisons are further 

discussed in the Supplemental results.  Collectively, the results of PLS-DA, fold change, volcano 

plot, and heatmap analysis strongly suggest that injury influences the whole joint and SF 

metabolome and produces a systemic response that influences both the injured and contralateral 

joints.  

Collectively, it is evident that injury perturbs metabolism spanning the whole joint, SF, and 

serum. Moreover, the metabolome of injured, contralateral, and naïve limbs are metabolically 

distinct suggesting that injury has a systemic response that stretches beyond the injured joint itself.  

Sex Influences Metabolomic Profiles Across Tissues of 

Injured and Naive Mice 

To examine the effects of sex and its interactions with injury on the whole joint, SF, and 

serum metabolomes, a series of pairwise comparisons were performed. First, general sex 

differences were examined in male and female whole joints (Supplemental Fig. 6.5 A-C) revealing 

distinct metabolomic profiles between sexes. Next, whole joints from injured males and females 

were assessed using PLS-DA which revealed clear separation of mice within their respective 

cohorts (Fig. 6.4 A). Similarly, injury differences are evident when comparing whole joints from 

injured and naïve females (Fig. 6.4 B) and from injured and naïve males as seen by minimal PLS-

DA overlap (Fig. 6.4 C). Fold change analysis distinguished populations of metabolite features 

that are differentially regulated among injured male and female whole joints (Fig. 6.4 D), injured 

and naïve females (Fig. 6.4 E), and injured and naïve males (Fig. 6.4 F). Populations of metabolite 

features distinguished by fold change analyses underwent pathway analyses. Pathways that were 
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highest in whole joints from injured males mapped to purine metabolism and alanine, aspartate, 

and glutamate metabolism. Conversely, pathways highest in whole joints from injured females 

mapped to cysteine and methionine metabolism, pyruvate metabolism, tyrosine metabolism, and 

vitamin B6 metabolism. Pathways that were consistent across whole joints from males regardless 

of injury status included arginine biosynthesis, beta-alanine metabolism, glycerophospholipid 

metabolism, primary bile acid biosynthesis, and sphingolipid metabolism. Lastly, pathways that 

were consistent across whole joints from females included lysine degradation, terpenoid backbone 

biosynthesis, and valine, leucine, and isoleucine degradation (Supplemental Table 6.4). To unveil 

metabolic indicators reflective of both injury and sex, volcano plot analysis was performed 

comparing whole joints from injured males and females (Fig.  6.4 G), as well as injured and naïve 

females (Fig.  6.4 H) and males (Fig.  6.4 I). Putative metabolite identifications related to terpenoid 

backbone biosynthesis were identified including (6R)-6-(L-Erythro-1,2-Dihydroxypropyl)-

5,6,7,8-tetrahydro-4a-hydroxypterin which was associated with whole joints from females. 

Notably, Sterebin E which is also associated with terpenoid backbone biosynthesis was associated 

with whole joints from males (Supplemental Table 6.1).  
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Figure 6.4. Whole joint metabolome differs by sex and injury. (A-C) Partial Least Squares-

Discriminant Analysis (PLS-DA) finds (A) perfect separation of injured whole joints from males 

and females and minimal overlap when comparing (B) female and (C) male injured and naµve 

mice. (D-F) Fold change analysis distinguished populations of metabolite features driving 

separation of metabolomic profiles. (D) Specifically, 315 and 314 metabolite features were 

highest in injured females and males, respectively. (E) 509 and 319 metabolite features were 

highest in injured females and naµve females, respectively. (F) 242 and 288 features were highest 

in injured males and naµve males, respectively. (G-I) To further examine metabolic differences 

associated with injury and sex, volcano plot analysis was performed and identified numerous 

metabolite features that had a fold change > 2, a p-value < 0.05, and were differentially regulated 

between injured males and females (G, n = 110), injured and naµve females (H, n = 158), and 

injured and naµve males (I, n = 32). The colors in A-I correspond to: pink = injured females, 

peach = naµve females, royal blue = injured males, light blue = naµve males.  

 



188 

 

The same series of analyses were performed to assess metabolic differences between 

injured and naïve male and female mice within SF and serum samples. Within SF, general sex 

differences were evident (Supplemental Figure 6.5 D-F). By employing PLS-DA, it is evident that 

the metabolome is influenced by both injury and sex where minimal overlap is observed between 

SF from injured males and females (Fig. 6.5 A), naïve and injured females (Fig. 6.5 B), and males 

(Fig. 6.5 C). Fold change analysis distinguished populations of metabolite features that are 

differentially regulated among SF from injured males and females (Fig. 6.5 D), injured and naïve 

females (Figure 5E), and injured and naïve males (Fig. 6.5 F). These populations underwent 

pathway analyses revealing overlapping and distinctly regulated pathways across SF groups 

(Supplemental Table 6.5). Specifically, phenylalanine metabolism was consistently higher in 

females compared to males, regardless of injury status.  Pathways unique to SF from injured males 

mapped to alpha-linolenic acid metabolism, butanoate metabolism, TCA cycle, propanoate 

metabolism, and tryptophan metabolism. Conversely, those unique to SF from injured females 

mapped to arginine biosynthesis, glycerophospholipid metabolism, and pyrimidine metabolism. 

Unique to naïve females and males included beta-alanine metabolism and biosynthesis of 

unsaturated fatty acids. On the other hand, pathways unique to injured males and females included 

D-amino acid metabolism, glycine, serine and threonine metabolism, and lysine degradation. 

Lastly, a pathway that was differentially regulated between injured females and naïve males was 

histidine metabolism. To pinpoint metabolite features contributing to the observed sexual 

dimorphism, volcano plot analysis was performed comparing SF from injured males and females 

(Fig. 6.5 G), as well as injured and naïve females (Fig. 6.5 H) and males (Fig. 6.5 I). Among those 
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identified, 3-Methylhistamine was associated with females and was highest in injured SF, whereas 

D/L-Valine was associated with males and was highest in injured males (Supplemental Table 6.1). 

 

Figure 6.5. Metabolomic profiles of synovial fluid show sexual dimorphism across injured and 

naµve mice. (A-C) Partial Least Squares-Discriminant Analysis (PLS-DA) finds minimal overlap 

when comparing (A) injured SF from males and females, (B) female and (C) male injured and 

naµve mice. (D-F) Fold change analysis identified populations of metabolite features driving 

separation of metabolomic profiles. (D) Specifically, 335 and 175 metabolite features were 

highest in injured females and males, respectively. (E) 386 and 195 metabolite features were 

highest in injured females and naµve females, respectively. (F) 253 and 115 features were highest 

in injured males and naµve males, respectively. (G-I) To further examine metabolic differences 

associated with injury and sex among SF samples, volcano plot analysis was performed and 

identified numerous metabolite features that had a fold change > 2, a p-value < 0.05, and were 

differentially regulated between injured males and females (G, n = 95), injured and naµve females 

(H, n = 101), and injured and naµve males (I, n = 99). The colors in A-I correspond to: pink = 

injured females, peach = naµve females, royal blue = injured males, light blue = naµve males. 


