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ABSTRACT 

Objective: Translation of biological insights from preclinical studies to human disease is a 

pressing challenge in biomedical research, including in osteoarthritis. Translatable Components 

Regression (TransComp-R) is a computational framework that has previously been used to 

synthesize preclinical and human OA data to identify biological pathways predictive of human 

disease conditions. We aimed to evaluate the translatability of two common murine models of 

post-traumatic osteoarthritis – surgical destabilization of the medial meniscus (DMM) and 

noninvasive anterior cruciate ligament rupture (ACLR) – to transcriptomics cartilage data from 

human OA outcomes. 

Design: Transcriptomics cartilage data of DMM and ACLR mouse and human data was acquired 

from Gene Expression Omnibus. TransComp-R was used to project human OA data into a mouse 

model (DMM or ACLR) principal component analysis space. The principal components (PCs) 

were regressed against human OA conditions using increasing complexity of linear regression 

models incorporating human demographic covariates of OA, sex, and age. Biological pathways 

of the mouse PCs that significantly stratified human OA and control groups were then interpreted 

using Gene Set Enrichment Analysis.  

Results: From the TransComp-R model, we identified different enriched biological pathways 

across DMM and ACLR models. While PCs among the DMM models revealed pathways 

associated with cell signaling and metabolism, ACLR PCs represented immune function and 

cellular pathways associated with OA condition. The immune pathways presented in the ACLR 

further highlighted the potential relevance of the OA pathways observed in human conditions.  

Conclusions: The ACLR mouse model more successfully predicted human OA conditions, 

particularly with the human control groups without a history of joint injury or disease. Cross-
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species translational approaches support the selection of preclinical models intended for 

therapeutic discovery and pathway analysis in humans.  

 

Keywords: Osteoarthritis, translational modeling, transcriptomics 

Running title: Osteoarthritis cross-species translation 
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INTRODUCTION  

Osteoarthritis (OA) affects an estimated 250 million people worldwide, and its prevalence 

continues to rise as obesity rates increase and the population ages.1 Animal models of OA are 

necessary to study the mechanisms underlying the development and progression of OA and to 

evaluate the efficiency of disease interventions.2 Although murine models enable careful 

manipulation of experimental conditions and biological variables, mice differ in size, anatomy, 

and biomechanics from humans and demonstrate differences in disease progression,2-6 timeline 

of disease,7, 8 demographic variability,6, 9, 10 and disease heterogeneity. 11 While these descriptive 

differences have been cataloged, comparative approaches can be misleading for translatability.12-

14 Therefore, predictive methods to overcome these barriers are needed to relate mouse to human 

OA and develop translatable, efficacious interventions. 

Indeed, the translation of biological insights from animal models to humans remains a 

foundational challenge in preclinical biomedical research.15, 16 Clinical trial failure of 

inflammatory modulatory drugs is potentially attributable in part to differences in mouse and 

human immunology.12-14 A growing body of comparative cross-species studies17 that leverage 

study of the homology of mouse and human genomes, epigenomes, and transcriptomes18 has 

potential to improve the use and interpretation of animal models. Such efforts could guide future 

use of animal models to better understand characteristics and treatment of human OA.19 

However, no studies to date have systematically interrogated these cross-species relationships in 

the context of biological signature of OA mouse models mapped to those of OA human patients. 

We and others have developed computational systems biology-based approaches for predictive 

translation between animal models and humans.20-23 Translatable Components Regression 

(TransComp-R) was originally developed to integrate disparate multi-omics data from mouse 
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models and humans to predict drug resistance phenotypes.24 What distinguishes TransComp-R 

from descriptive cross-species comparisons is the explicit goal of finding biological features and 

signals in the animal model that are predictive of phenotypes or outcomes in humans. 

TransComp-R has been successfully applied to cross-species prediction of neurodegenerative 

disease biology25-27 and for assessment of novel therapeutic hypotheses in colitis.28, 29  

In this study, we evaluated the cross-species translatability of cartilage transcriptomics data in 

two common models of mouse post-traumatic OA, surgical destabilization of the medial 

meniscus (DMM) and noninvasive anterior cruciate ligament rupture (ACLR). We hypothesized 

that transcriptomic features in each mouse model would be predictive of different aspects of 

human OA and leveraged TransComp-R to assess translatability. Furthermore, we extended 

TransComp-R to incorporate human variables of age and sex into mouse-to-human translation 

modeling to assess how these critical factors influenced the predictive capacity of our cross-

species translation model. 

 

METHODS 

Study Selection and Gene Expression Data Processing 

We searched the Gene Expression Omnibus data repository30 (accessed November 2024) for 

“osteoarthriti*”, restricting our search to Homo sapiens and Mus musculus records and using “*” 

as a wildcard character. From the search results, we then manually curated studies to those with 

mRNA expression for n ≥ 10 per group from human OA patients and n ≥ 3 per time point and 

experimental group within murine OA models . We further narrowed the datasets to those with 

controls and excluded datasets from genetic knockout mouse models of OA (Figure 1). 
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Figure 1. Selected murine and human datasets. Four separate datasets were selected from GEO, a publicly 

available data repository. The murine data contains transcriptomic data of control and ACLR models (GSE112641) 

and sham with DMM models (GSE41342). The human transcriptomic data contains subjects with Control and OA 

conditions (GSE114007) as well as APM compared to OA (GSE117999). Demographic variables of Sex and Age are 

included in the human dataset. The schematics of anatomy are from BioRender.com. 

We selected human OA datasets (Supplemental Table S1) from two studies of cartilage 

retrieved during total knee replacement (GSE117999,31 n = 20; GSE114007,32 n = 38). Human 

dataset GSE114007 (hereafter “H007”) included gene expression for control donated cartilage 

and OA cartilage, and GSE117999 (hereafter “H999”) included gene expression for cartilage 

from arthroscopic partial meniscectomy (APM) and OA patients. Association of APM with 

increased risk of OA33 prevents H999 APM controls from being classified as healthy, motivating 

separate analysis of the two human datasets.  

From the mouse datasets (Supplemental Table S2), we selected one DMM study (GSE41342,34 

n = 23) and one ACLR study (GSE112641,35 n = 34). Murine genes were converted to human 

gene IDs with the Mouse Genome Informatics database, and both human and mouse datasets 

were collapsed to include only the overlapping one-to-one homolog genes for analysis.36 

Baseline differential gene expression similarity was assessed using the Bioconductor tools limma 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 6 

(v3.58.1) and edgeR (v4.0.16) in R,37 controlling for time in mouse data and both Sex and Age in 

human data (control vs. disease, adjusted p < 0.05). 

Translatable Components Regression 

Cross-species TransComp-R24 involves (1) construction of a principal component analysis (PCA) 

model on animal data, (2) creation of a cross-species translational space through projection of 

human data onto the principal component (PC) or latent variable representation of animal model 

data, and (3) construction of a regression model to relate the projected human data positions in 

translational space to human phenotypic variables (Figure 2A). This process helps identify the 

PCs of the animal data that best explain the phenotype from the human observations. 

 

Figure 2. Analysis pipeline from principal components analysis (PCA) to translatable components regression 

(TransComp-R) model. (A) Mouse and human transcriptomics data are first matched for homologs. Human data is 

then projected into a constructed mouse PCA space. The synthesized human-mouse data containing genes and PCs 

are regressed against human OA condition using PC main effects and interaction effects of Age and Sex. PCs that 

significantly stratify OA and control status are selected for downstream analysis. (B) After data curation, the 

TransComp-R model is performed using ACLR and DMM pairs of healthy and APM human data. The loadings from 

the selected DMM and ACLR mouse PCs are analyzed through GSEA for biological interpretation. 
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We analyzed four TransComp-R models, mapping the DMM or ACLR datasets against human 

datasets H999 or H007 (Figure 2B), denoting these as DMM-H999, DMM-H007, ACLR-H999, 

and ACLR-H007. For each mouse-human comparison, the source PCA model was initially 

constructed using the DMM or ACLR dataset, each of which included controls, discarding PCs 

that explained less than 1% total variance. Next, Z-score normalized human data from either 

H999 or H007 was projected into the mouse PC space through matrix multiplication by mouse 

PC loadings. Human projections in mouse space were regressed against human OA status using 

fitglm (MATLAB, v9.13, The Mathworks, Natick, MA) to identify mouse PCs predictive of 

human disease. The significant mouse PCs identified by the regression modeling were analyzed 

through gene set enrichment analysis (GSEA).  

Incorporation of Human Clinical Covariates in Cross-species Modeling 

We extended TransComp-R to account for human covariates of Age and Sex at the regression 

model stage to account for how these variables influence the predictive translatability of the 

mouse data. The incorporation of human clinical factors, and their interaction effects increased 

model complexity and necessitated down-sampling of the mouse PCs for analysis. We down-

sampled the mouse PCs by building principal component regression models of the mouse data, 

relating mouse PCs to mouse OA status and time points, to identify predictive mouse PCs with 

regression coefficients providing p < 0.05. Using these significant PCs, we constructed 

TransComp-R models by setting up generalized linear models with increasing levels of 

complexity to assess how the predictive power of mouse PCs changed when human covariates 

and their interactions with mouse PCs were incorporated (Table 1). 

Table 1. TransComp-R generalized linear model equations. PCX and PCY are placeholders for predictive PCs 

determined from the mouse PC regression as predictive of OA status in mouse data. The disease state is defined in 

each model as the OA status in the human dataset. Human covariates of Age and Sex are considered in all models 
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but the “PCs Only” model, and interactions (×) among PCs and covariates are modeled in the Age, Sex, and Full 

models. 

Model Equation 

PCs Only 𝐷𝑖𝑠𝑒𝑎𝑠𝑒	~	𝑃𝐶𝑋 + 𝑃𝐶𝑌 

Main 𝐷𝑖𝑠𝑒𝑎𝑠𝑒	~	𝑃𝐶𝑋 + 𝑃𝐶𝑌 + 𝐴𝑔𝑒 + 𝑆𝑒𝑥 

Age 𝐷𝑖𝑠𝑒𝑎𝑠𝑒	~	𝑃𝐶𝑋 + 𝑃𝐶𝑌 + 𝐴𝑔𝑒 + 𝑆𝑒𝑥 + (𝑃𝐶𝑋 × 𝐴𝑔𝑒) + (𝑃𝐶𝑌 × 𝐴𝑔𝑒) 

Sex 𝐷𝑖𝑠𝑒𝑎𝑠𝑒	~	𝑃𝐶𝑋 + 𝑃𝐶𝑌 + 𝐴𝑔𝑒 + 𝑆𝑒𝑥 + (𝑃𝐶𝑋 × 𝑆𝑒𝑥) + (𝑃𝐶𝑌 × 𝑆𝑒𝑥) 

Full 𝐷𝑖𝑠𝑒𝑎𝑠𝑒	~	𝑃𝐶𝑋 + 𝑃𝐶𝑌 + 𝐴𝑔𝑒 + 𝑆𝑒𝑥 + (𝑃𝐶𝑋 × 𝐴𝑔𝑒) + (𝑃𝐶𝑌 × 𝐴𝑔𝑒)
+ (𝑃𝐶𝑋 × 𝑆𝑒𝑥) + (𝑃𝐶𝑌 × 𝑆𝑒𝑥) 

 

Pathway Enrichment Analysis of Significant PC Loadings 

Pre-ranked PC loadings from ACL and DMM datasets were analyzed with GSEA in R (fgsea 

v1.28.0 and clusterProfiler v2.1.6).38, 39 KEGG (C2) and Hallmark (H) from the Molecular 

Signatures Database (msigdbr v7.5.1)40 were used to identify biological pathways.41, 42 The 

parameters for GSEA were established at 5 minimum and 500 maximum gene sets, and the 

tuning constant, epsilon, was set to 0. The default of 1000 permutations were used for the model. 

A Benjamini-Hochberg adjusted p-value less than 0.25 was used to identify potentially relevant 

pathways, whereas an adjusted p-value less than 0.10 was defined as significant. 

Cross-species Variance Explained Analysis 

Because the variance a PC explains in mouse data may differ from the variance it explains in 

human data, we calculated the variance explained by a mouse PC qi in a human dataset 

(Equation 1) as: 

Variance	explained	in	humans =
𝑞!333⃑
"[𝑋"𝑋]𝑞!333⃑

Σ𝑑𝑖𝑎𝑔(𝑄"𝑋"𝑋𝑄)	
(1) 

where Q are the mouse PC loadings, X indicates Z-score normalized human data, and T denotes 

the transpose of a matrix. 
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Data and Core Availability 

All data necessary to reproduce these analyses are publicly available through Gene Expression 

Omnibus with accession numbers GSE117999, GSE114007, GSE41342, and GSE112641. All 

code used for the analyses is publicly available at https://github.com/Brubaker-Lab/TOAST. 

 

RESULTS 

Baseline Signatures and Similarities of Mouse and Human OA Cartilage Transcriptomics 

We first assessed the baseline similarity of our selected mouse DMM or ACLR datasets and 

H007 human OA vs. Control dataset or H999 OA vs. APM dataset via differential expression 

analysis (Figure 3A). 2,644 genes were differentially expressed within any dataset, with the 

DMM model having more differentially expressed genes (DEGs) in common with human OA 

than the ACLR model. Only one DEG, IKBIP (inhibitor of nuclear factor kappa-B-kinase-

interacting protein), was common to all mouse models and human OA comparisons. In the 

human data, only 221 DEGs distinguished APM from OA in H999, but 950 DEGs were found 

between OA and Control in H007. DMM shared 24 DEGs with H999 and 143 DEGs with H007. 

In contrast, ACLR shared only 6 DEGs with H999 and 74 DEGs with H007. Based on these 

standard differential expression analysis metrics, the OA-associated gene signatures in DMM 

and ACLR models were more similar to the H007 OA vs. Control contrast. DMM captured more 

of the gene expression changes in the H999 APM vs. OA contrast than ACLR. 
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Figure 3. Baseline Signatures of Mouse and Human OA Cartilage Transcriptomes to Translatable Latent 

Variables from Mouse and Human Data. (A) Shared DEGs across human APM vs OA, human control vs OA, 

mouse DMM and mouse ACLR. Intersections of shared genes across the four datasets. (B) Principal component 

plots of PC1 and PC2 with the DMM mouse group (C) Principal component plots of PC1 and PC2 with the ACLR 

mouse group. (D) DMM Control vs OA models (DMM-H007) on Age, Sex, and OA conditions. (E) ACLR Control vs 

OA models (ACLR-H007) on Age, Sex, and OA conditions. (F) DMM APM vs OA models (DMM-H999) on Age, Sex, 

and OA conditions. (G) ACLR APM vs OA models (ACLR-H999) on Age, Sex, and OA conditions. 

Down-Sampling Translatable Latent Variables from Mouse and Human Data 

We constructed PCA models for each mouse dataset and excluded PCs that explained less than 

1% total variance. The DMM PCA model included 286 genes (FDR q < 0.05, 13 PCs, 93.9% 

variance explained) associated with DMM surgery status (Figure 3B). The ACLR PCA model 

included 486 genes (FDR q < 0.05, 7 PCs, 88.3% variability explained) associated with ACLR 

injury status (Figure 3C). Both mouse PCA models stratified the OA vs. control conditions in 

the mouse data alone, but a greater proportion of total variance is encoded on fewer PCs in 

ACLR data compared to DMM.  
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Next, we constructed principal component regression models to identify the mouse PCs 

predictive of joint injury status and any time-dependent behavior in the mouse PCs. For the 

DMM model, PC1, PC2, and PC7 were associated with both mouse time points and injury status 

(Figure S1A), For the ACLR model, PC1, PC3, and PC7 were associated with both time and 

injury status, and PC4 associated with injury status alone (Figure S1B). 

After projecting Z-score normalized human gene expression data from H999 and H007 into each 

of the mouse PC spaces, we constructed TransComp-R regression models relating human 

projections in each space to human OA status, Age, and Sex. In total, twelve preliminary 

TransComp-R models were tested (Figure 3D-3G), including three human dependent variables 

(Age, Sex, and OA Status) and four cross-species pairs (ACLR-H007, ACLR-H999, DMM-

H007, and DMM-H999). 

When using the DMM mouse PCs to predict H007, we found PC3 was associated with human 

Age, Sex, and OA status while PC9, PC11, and PC13 were individually associated with human 

OA status, Sex, and Age, respectively (Figure 3D). For DMM-H999, only DMM mouse PC8 

and PC13 were associated with human OA vs. APM status, while PC4, PC10, PC11, and PC13 

were associated with human Sex (Figure 3F). Although DMM PC11 was also associated with 

Sex, PC11 explained less variance than PC10 and was only significant in the Sex model. We 

therefore only selected DMM PC4, PC8, PC10, and PC13 for the further DMM-H999 analysis. 

Despite starting with the same set of genes and parent PCA model, only the low-rank PC13 was 

consistently predictive of OA×Age status across H999 and H007. Critically, none of the PCs 

implicated as predictive of DMM mouse injury status by the mouse data-only PC regression 

model was later identified as predictive in the cross-species models, indicating that human 

signature translatability is not one-to-one for DMM. 
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For ACLR predicting H007, we identified PC1 as predictive of OA vs. Control status and PC4 as 

predictive of human Sex (Figure 3E). For ACLR-H999, PC3 and PC6 were predictive of human 

OA vs. APM status and Age, with PC4 being predictive of just OA vs. APM status (Figure 3G). 

No ACLR PCs predicted both OA vs. Control and OA vs. APM status. Unlike DMM, there were 

mouse PCs that were predictive of both ACLR injury status in mice and human OA vs. Control 

(PC1) and OA vs. APM (PC3, PC4), indicating that the ACLR mouse transcriptomics contained 

one-to-one translatable signatures of human OA status. 

Functional Analysis of Candidate Translatable Mouse Principal Components 

We analyzed the pre-ranked loadings on the predictive PCs using GSEA to identify Hallmark 

pathways associated with the translatable DMM (Figure 4A) and ACLR (Figure 4B) mouse 

PCs. The identified DMM and ACLR mouse PCs encoded distinct axes of human-translatable 

OA biology. The ACLR model contained 884 significant genes whereas the DMM model had 

2,100 significant genes. Among the Hallmark pathways enriched in DMM, only three pathways 

were significantly enriched (Benjamini-Hochberg p adj < 0.10), including Protein Secretion on 

DMM PC3 (p adj = 0.0635), E2F Targets on PC4 (p adj = 0.0004), and IL2 STAT5 signaling on 

PC8 (p adj = 0.0208). All other pathways were associated with cellular signaling, immune 

response, and metabolic pathways. Among ACLR PC1, we identified Apical Junction (p adj = 

0.0370) associated with OA. On ACLR PC4, Allograft Rejection (p adj = 0.0004) and TNFα 

Signaling via NF-κB (p adj = 0.0860) were associated with non-OA conditions. Shared across 

the ACLR PCs, Epithelial Mesenchymal Transition was consistently and significantly associated 

with OA in three of the four selected ACLR PCs:PC1 (p adj = 0.0422), PC3 (p adj = 0.0034), and 

PC4 (p adj = 0.0641). Inflammatory Response was found to be significantly enriched on ACLR 
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PC3 (p adj = 0.0838) and PC4 (p adj = 0.0049), with opposite normalized enrichment score 

directionality. 

 

Figure 4. Pathways and Molecular Signatures Associated with Significant PCs from ACLR and DMM Datasets. 

(A) Hallmark pathway on significant PCs on the DMM group. (B) ACLR group. (C) KEGG pathways on DMM and 

(D) ACLR conditions. Normalized Enrichment score directions were referenced such that positive values were 

associated with OA whereas negative values were associated with non-OA conditions. Pathways denoted with * 

indicate significance (adjusted p < 0.10). No * indicates an adjusted p-value less than 0.25. (E) Percent variance 

explained significant DMM PCs in both human and mouse. (F) Percent variance explained of significant ACLR PCs 

in both human and mouse. 

We also ran pre-ranked loadings using the KEGG pathway for both DMM (Figure 4C) and 

ACLR PCs (Figure 4D). Of the pathways enriched in DMM, only four had an adjusted p-value 

less than 0.25: Endocytosis, Vasopressin Regulated Water Reabsorption, Lysosome, and 

Neuroactive Ligand Receptor Interaction. Of these pathways, only Lysosome was significant (p 
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adj = 0.0079), with associations to non-OA conditions. From the ACLR PCs, general pathways 

included immune signaling, where the Chemokine Signaling Pathway was significant on ACLR 

PC4 (p adj = 0.0253) and PC5 (p adj = 0.0278), with Cytokine-Cytokine Receptor Interaction 

also significant on PC4 (p adj = 0.0631). Additionally, on ACLR PC4, Glycosaminoglycan 

Biosynthesis Chondroitin Sulfate was significantly enriched for non-OA conditions (p adj = 

0.0631). 

In both DMM and ACLR, the human variance explained was often higher than the mouse 

variance explained. Some translatable PCs explained greater variability in human OA than in 

mouse DMM (Figure 4E). Significant DMM PCs explained no more than 8% variance in human 

and mouse (Figure 4F). Explained human variance was also higher than for mouse among the 

ACLR PCs. PC1 explained more than 50% variance, whereas the remaining significant PCs 

explained less than 10% variance. The result that mouse PCs implicated as translatable to 

humans explain a higher proportion of human data variability compared to their explanatory 

power in mouse data indicates that latent, hidden signals in mouse models may be predictive of 

human biology despite low explanatory power for mouse biology.  

Covariate-Conditioned Cross-Species Modeling of DMM Mouse Cartilage Transcriptomics 

Iteratively building up model complexity and incorporating different covariates and interactions 

enabled the identification of consistent associations of mouse PCs with human OA disease status 

while controlling for patient characteristics (Table 1). With DMM comparison to H999, we 

identified PC8, PC13, and human Age as being significantly predictive of human OA vs. APM 

status when controlling for Age and Sex, along with a significant interaction between PC8 and 

Age (p = 0.047) (Figure 5A). Plotting the projections of the human samples on the predictive 
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mouse PCs (Figure 5B) and PC8 vs. Age (Figure 5C) revealed a separation of OA samples vs. 

APM that tracked with Age.  

 

Figure 5. Generalized Linear Equation Modeling of DMM PCs from TransComp-R. (A) DMM PC8, PC13, and 

Age are selected from the DMM APM vs OA model. (B) Principal component plot of DMM PC8 and PC13. (C) 

DMM PC8 scores were visualized with respect to human age. (D) DMM PC3, PC9, and Age are selected from the 

DMM Control vs OA Model. (E) DMM PC3 and PC9 scores plot. (F) DMM PC3 scores are separated by human 

age. All percent variance explained is in humans. 

Modeling the DMM mouse with H007, we found PC3, PC9, and human Age were associated 

with the human OA vs. Control contrast (Figure 5D), with no statistical interactions between 

human clinical variables and mouse PCs. Plotting human scores on PC3 and PC9 (Figure 5E) 

and on PC3 vs. Age (Figure 5F) revealed stratification by OA status and tracking of Age with 

OA status. 

Covariate-Conditioned Cross-Species Modeling of ACLR Mouse Cartilage Transcriptomics 

The ACLR-H999 TransComp-R model identified PC4 and Age as predictive factors for the OA 

vs. APM contrast (Figure 6A). An age-dependent separation of human OA vs. APM was 
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observed with PC4 (Figure 6B). The ACLR-H007 TransComp-R model revealed patterns of 

PC1, Age, and a statistical interaction between ACLR PC1 and human Sex as significantly 

predictive of OA vs. Control status (Figure 6C). PC1 separated OA and Control in an age-

dependent manner (Figure 6D). Interestingly, we identified a Sex-dependent separation of 

human OA vs. Control along ACLR mouse PC1, where the magnitude of separation along PC1 

was significantly greater for female compared to male humans (Figure 6E), showing that 

TransComp-R was able to detect human sex-specific, translatable signatures. This identification 

of ACLR mouse PC1 as predictive of human OA status, along with PC1’s predictive power for 

mouse injury status, indicates that the gene signatures, pathways, and biological variability 

encoded on this mouse PC represents a potential direct mapping between the ACLR mouse 

biology and human OA. 

 

Figure 6. Generalized Linear Equation Modeling of ACLR PCs from TransComp-R. (A) ACLR PC4 and Age were 

selected from models of ACLR APM vs OA. (B) Scores plot of PC4 against human age. (C) ACLR PC1, Age, and 

PC1*Sex were significant in the ACLR Control vs OA models. (D) Scores plot of PC1 against human age. (E) 

Comparison of PC1 scores separated by sex and OA condition. All percent variance explained is in humans.  
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DISCUSSION 

In this study, we evaluated the translatability of two commonly used mouse OA models into 

different cartilage transcriptomic features of human OA using TransComp-R, a framework that 

enables cross-species prediction of pathobiology. Pathway analysis enabled the identification of 

mouse transcriptional signatures translatable to human OA. At over 50% variance explained for 

human OA status along PC1, the ACLR mouse model was more translatable to humans. 

Inclusion of human covariates of Age and Sex altered the identified translatable features from 

both mouse models, enabling the identification of a candidate sex-specific effect predictive of 

human OA status for the ACLR mouse model.  Covariate-aware TransComp-R provides a path to 

incorporate human sex as a biological variable in assessing sex-based variation from mouse 

studies and can model a wide range of human covariates in assessing the translatability of mouse 

studies. 

Mouse to Human Conversion and Differential Expression 

Significant PCs representing variance in human data projected onto murine principal component 

loadings were identified through generalized linear modeling. Both DMM-H007 and DMM-

H999 models contained four significant PCs, with a cumulative variance explained in human 

data of 15.61% (PCs 3, 9, 11, 13) and 7.64% (PCs 4, 8, 10, 13), respectively. ACLR models had 

fewer significant components (two significant PCs with ACLR-H007; three significant PCs with 

ACLR-H999), but the cumulative variance explained (68.47% in ACLR-H007 PCs 1, 4; 15.09% 

in ACLR-H999 PCs 3, 4, 6), was greater than the variance explained in DMM models. This 

distinction of ACLR models for fewer PCs explaining greater variance is also stronger in the 

prediction of human control vs. OA status than APM vs. OA status, suggesting better 
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translatability where there is similarity in the experimental control groups. The H007 dataset 

compared transcriptomic profiles from healthy cartilage obtained through a tissue bank to those 

of OA cartilage.32 Similarly, for noninvasive ACLR, the sham joint is not injured nor opened 8. 

Although ACLR data was found to be more directly translatable to human OA data, DMM and 

potentially other surgical models are likely still applicable to human disease under certain 

circumstances. Association of human APM vs. OA to murine surgical sham vs. DMM presented 

an interesting comparison, since both non-OA groups are associated with a prior history joint 

disruption. A comparison of the synovium of sham and DMM mice found almost 400 

dysregulated miRNAs at the 1- and 6-week timepoints in both experimental groups,43 suggesting 

that arthrotomy alone accounts for some changes detected in surgical models of OA. Synovial 

inflammation and changes to cartilage and bone morphology have been previously identified in 

sham-operated joints.44, 45 Similarly, the H999 dataset used cartilage from patients requiring 

arthroscopic resection of meniscal injury as a comparison group.46 Because a meniscal tear 

already disrupts the joint, molecular signatures associated to the injury may still be present in 

these patients. Patients requiring APM generally have persisting symptoms that require surgical 

management,47 suggesting progressive meniscus injury and potentially early OA.48 Indeed, fewer 

DEGs (221) were found between APM and OA in H999 than between OA and control in H007 

(950), suggesting that injury-associated gene signatures in APM may overlap with those 

associated with OA. The human APM group may thus be more akin to surgical sham in the 

DMM studies or even early mouse OA time points. Therefore, beyond representing the 

variability of human disease, the two human datasets selected for this study fortuitously 

parallelled some aspects of the experimental design of DMM and ACLR models. 
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Modeling Human Covariates using TransComp-R on ACLR and DMM 

Both the DMM34 and ACLR35 datasets show potentially translatable biology when evaluated 

using TransComp-R. All four TransComp-R comparison models identified human Age as a 

significant covariate in the prediction of human disease, supporting that the model was consistent 

with a prominent risk factor for OA. 

The ACLR-H007 TransComp-R model indicated that the interaction of ACLR PC1 and human sex 

was significantly predictive of human OA status. This finding was striking because the mouse 

ACLR data used to train the underlying PCA model did not include mouse sex, underscoring the 

importance of reporting sex with OA murine studies. Further comparison, by Mann-Whitney test, 

showed that ACLR PC1 values were significantly different between human males and females in 

both control and OA groups. Covariate-aware TransComp-R provides a path to incorporate human 

Sex as a biological variable in assessing mouse studies, whether or not mouse sex is reported, and 

can model a wide range of other human covariates in assessing the translatability of mouse studies. 

Gene Set Enrichment Analysis of Translatable Murine Signatures 

The pathways enriched in ACLR conditions differed those identified in the DMM model. We 

identified biological processes related to cell signaling and metabolism from the DMM mouse 

PCs, including Protein Secretion, IL2 STAT5 Signaling, and Lysosome. The association to 

protein secretion is supported by a study that found differentially expressed proteins from human 

OA cartilage secretome, including growth-regulated alpha protein, stromelysin-1, LYR motif-

containing protein 5, and Ig alpha-1 chain C region.49 A separate computational study also found 

IL2 STAT5 Signaling to be enriched from GSEA when comparing OA and healthy synovial 

tissue.50 Lysosomal dysregulation was found to contribute to chondrocyte apoptosis in both OA 

and aged cartilage through mitochondrial damage.51 
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ACLR mouse PCs were strongly associated with immune function and cellular pathways. We 

identified Epithelial Mesenchymal Transition as an enriched pathway in OA, and others have 

found this pathway is associated with synovial inflammation and cartilage destruction.52 

Immune-associated pathways such as Chemokine Signaling and Inflammatory Response were 

also involved in conditions of OA.53, 54 A computational study also found sets of genes enriched 

for Allograft Rejection associated with OA.50 Lastly, Glycosaminoglycan Biosynthesis 

Chondroitin Sulfate serves an important role in joint health, and dysfunction of this pathway may 

precede OA development.55 Further investigation of these translatable pathways may provide 

insight in OA progression across DMM and ACLR models. 

Outlook and Conclusions 

Expansion of our TransComp-R approach can integrate other experimental or clinical 

information that may enhance model accuracy and robustness. Incorporating OA-associated 

serum biomarkers,56, 57 race,58, 59 and other clinical covariates may better account for 

heterogeneity in human OA, improving overall understanding of the disease. Integration of other 

omics data could also uncover additional layers of cross-species translatable OA biology, 

including proteomics, 60 metabolomics,61 and even microbiome.62 However, open access 

availability of multi-omics experimental data in human OA and mouse models is a critical barrier 

to expanding our TransComp-R approach. 

In our use of TransComp-R to analyze data from two established mouse OA models, we 

identified gene signatures that predicted human OA. Despite being limited to the currently 

available open access datasets and homologous gene pairs across mouse and human cartilage 

transcriptomic data, we found that ACLR better predicted human OA status, particular in the 

contrast between donor control cartilage and OA tissues obtained prior to joint replacement 
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surgery. Because murine models with different methods of OA induction differentially translated 

to human OA status, caution should be exercised when selecting an animal model to represent 

human disease progression or assess treatments. Ensuring that preclinical models best reflect 

human outcomes could improve our understanding of translatable pathologies and the rate of 

success in translating such findings to human therapeutics and interventions. Working towards 

these goals, we demonstrated here that different mouse OA models, DMM and ACLR, encoded 

distinct axes of translatable biology that relied on human age as a risk factor and sex as a 

biological variable.   

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 22 

AUTHOR CONTRIBUTIONS 

Conception and Design: MF, MP, DKB, and DDC. Data Acquisition: MF, BKB, MP, and SRD. 

Data Analysis and Interpretation: MF, BKB, MP, DKB, and DDC. Writing Original Article: 

MF, BKB, MP, DKB, and DDC. Writing-Review and Editing: MF, BKB, DKB, and DDC. 

Funding Acquisition: DDC. Project Administration: DDC. Final Approval of Article: MF, 

BKB, MP, SRD, DKB, and DDC. 

 

CONFLICT OF INTEREST 

The authors declare no competing interests. 

 

FUNDING 

This work is supported in part by funding from the DARPA Young Faculty Award (Army 

Research Office Contract W911NF21103272) and National Science Foundation (Awards 

1944394, 2149946) to DDC. DDC is also supported by start-up funds from Purdue University. 

DKB is supported by Good Ventures Foundation and Open Philanthropy and start-up funds from 

Purdue University and Case Western Reserve University. BKB acknowledges the National 

Science Foundation for support under the NSF GRFP grant number DGE-1842166. BKB also 

acknowledges the support of the NIH T32 predoctoral fellowship T32DK101001 from the 

National Institute of Diabetes and Digestive and Kidney Diseases.  

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 23 

REFERENCES 

1. Hunter DJ, Bierma-Zeinstra S. Osteoarthritis. Lancet 2019; 393: 1745-1759. 

2. Fang H, Beier F. Mouse models of osteoarthritis: modelling risk factors and assessing 

outcomes. Nat Rev Rheumatol 2014; 10: 413-421. 

3. Cope PJ, Ourradi K, Li Y, Sharif M. Models of osteoarthritis: the good, the bad and the 

promising. Osteoarthritis Cartilage 2019; 27: 230-239. 

4. Lawrence RC, Felson DT, Helmick CG, Arnold LM, Choi H, Deyo RA, et al. Estimates 

of the prevalence of arthritis and other rheumatic conditions in the United States. Part II. 

Arthritis Rheum 2008; 58: 26-35. 

5. Plotnikoff R, Karunamuni N, Lytvyak E, Penfold C, Schopflocher D, Imayama I, et al. 

Osteoarthritis prevalence and modifiable factors: a population study. BMC Public Health 

2015; 15: 1195. 

6. Long H, Liu Q, Yin H, Wang K, Diao N, Zhang Y, et al. Prevalence Trends of Site-

Specific Osteoarthritis From 1990 to 2019: Findings From the Global Burden of Disease 

Study 2019. Arthritis Rheumatol 2022; 74: 1172-1183. 

7. Culley KL, Singh P, Lessard S, Wang M, Rourke B, Goldring MB, et al. Mouse Models 

of Osteoarthritis: Surgical Model of Post-traumatic Osteoarthritis Induced by 

Destabilization of the Medial Meniscus. Methods Mol Biol 2021; 2221: 223-260. 

8. Christiansen BA, Guilak F, Lockwood KA, Olson SA, Pitsillides AA, Sandell LJ, et al. 

Non-invasive mouse models of post-traumatic osteoarthritis. Osteoarthritis Cartilage 

2015; 23: 1627-1638. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 24 

9. Hwang HS, Park IY, Hong JI, Kim JR, Kim HA. Comparison of joint degeneration and 

pain in male and female mice in DMM model of osteoarthritis. Osteoarthritis Cartilage 

2021; 29: 728-738. 

10. Ma HL, Blanchet TJ, Peluso D, Hopkins B, Morris EA, Glasson SS. Osteoarthritis 

severity is sex dependent in a surgical mouse model. Osteoarthritis Cartilage 2007; 15: 

695-700. 

11. Waarsing JH, Bierma-Zeinstra SM, Weinans H. Distinct subtypes of knee osteoarthritis: 

data from the Osteoarthritis Initiative. Rheumatology (Oxford) 2015; 54: 1650-1658. 

12. Seok J, Warren HS, Cuenca AG, Mindrinos MN, Baker HV, Xu W, et al. Genomic 

responses in mouse models poorly mimic human inflammatory diseases. Proc Natl Acad 

Sci U S A 2013; 110: 3507-3512. 

13. Takao K, Miyakawa T. Correction for Takao and Miyakawa, Genomic responses in 

mouse models greatly mimic human inflammatory diseases. Proc Natl Acad Sci U S A 

2015; 112: E1163-1167. 

14. Takao K, Miyakawa T. Genomic responses in mouse models greatly mimic human 

inflammatory diseases. Proc Natl Acad Sci U S A 2015; 112: 1167-1172. 

15. Acharjee A, Wijesinghe SN, Russ D, Gkoutos G, Jones SW. Cross-species 

transcriptomics identifies obesity associated genes between human and mouse studies. J 

Transl Med 2024; 22: 592. 

16. Bapat S, Hubbard D, Munjal A, Hunter M, Fulzele S. Pros and cons of mouse models for 

studying osteoarthritis. Clin Transl Med 2018; 7: 36. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 25 

17. Zhou Y, Song WM, Andhey PS, Swain A, Levy T, Miller KR, et al. Human and mouse 

single-nucleus transcriptomics reveal TREM2-dependent and TREM2-independent 

cellular responses in Alzheimer's disease. Nat Med 2020; 26: 131-142. 

18. Breschi A, Gingeras TR, Guigo R. Comparative transcriptomics in human and mouse. 

Nat Rev Genet 2017; 18: 425-440. 

19. Vincent TL. Of mice and men: converging on a common molecular understanding of 

osteoarthritis. Lancet Rheumatol 2020; 2: e633-e645. 

20. Brubaker DK, Lauffenburger DA. Translating preclinical models to humans. Science 

2020; 367: 742-743. 

21. Brubaker DK, Paulo JA, Sheth S, Poulin EJ, Popow O, Joughin BA, et al. Proteogenomic 

Network Analysis of Context-Specific KRAS Signaling in Mouse-to-Human Cross-

Species Translation. Cell Syst 2019; 9: 258-270 e256. 

22. Normand R, Du W, Briller M, Gaujoux R, Starosvetsky E, Ziv-Kenet A, et al. Found In 

Translation: a machine learning model for mouse-to-human inference. Nat Methods 

2018; 15: 1067-1073. 

23. Czarnewski P, Parigi SM, Sorini C, Diaz OE, Das S, Gagliani N, et al. Conserved 

transcriptomic profile between mouse and human colitis allows unsupervised patient 

stratification. Nat Commun 2019; 10: 2892. 

24. Brubaker DK, Kumar MP, Chiswick EL, Gregg C, Starchenko A, Vega PN, et al. An 

interspecies translation model implicates integrin signaling in infliximab-resistant 

inflammatory bowel disease. Sci Signal 2020; 13. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 26 

25. Lee MJ, Wang C, Carroll MJ, Brubaker DK, Hyman BT, Lauffenburger DA. 

Computational Interspecies Translation Between Alzheimer's Disease Mouse Models and 

Human Subjects Identifies Innate Immune Complement, TYROBP, and TAM Receptor 

Agonist Signatures, Distinct From Influences of Aging. Front Neurosci 2021; 15: 727784. 

26. Ball BK, Proctor EA, Brubaker DK. Cross-Species Modeling Identifies Gene Signatures 

in Type 2 Diabetes Mouse Models Predictive of Inflammatory and Estrogen Signaling 

Pathways Associated with Alzheimer's Disease Outcomes in Humans. Pac Symp 

Biocomput 2025; 30: 426-440. 

27. Ball BK, Park JH, Proctor EA, Brubaker DK. Cross-disease modeling of peripheral blood 

identifies biomarkers of type 2 diabetes predictive of Alzheimer's disease. bioRxiv 2024. 

28. Strasser SD, Ghazi PC, Starchenko A, Boukhali M, Edwards A, Suarez-Lopez L, et al. 

Substrate-based kinase activity inference identifies MK2 as driver of colitis. Integr Biol 

(Camb) 2019; 11: 301-314. 

29. Suarez-Lopez L, Shui B, Brubaker DK, Hill M, Bergendorf A, Changelian PS, et al. 

Cross-species transcriptomic signatures predict response to MK2 inhibition in mouse 

models of chronic inflammation. iScience 2021; 24: 103406. 

30. Edgar R, Domrachev M, Lash AE. Gene Expression Omnibus: NCBI gene expression 

and hybridization array data repository. Nucleic Acids Res 2002; 30: 207-210. 

31. Rai MF, Sandell LJ, Barrack TN, Cai L, Tycksen ED, Tang SY, et al. A Microarray Study 

of Articular Cartilage in Relation to Obesity and Severity of Knee Osteoarthritis. 

Cartilage 2020; 11: 458-472. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 27 

32. Fisch KM, Gamini R, Alvarez-Garcia O, Akagi R, Saito M, Muramatsu Y, et al. 

Identification of transcription factors responsible for dysregulated networks in human 

osteoarthritis cartilage by global gene expression analysis. Osteoarthritis Cartilage 2018; 

26: 1531-1538. 

33. Persson F, Turkiewicz A, Bergkvist D, Neuman P, Englund M. The risk of symptomatic 

knee osteoarthritis after arthroscopic meniscus repair vs partial meniscectomy vs the 

general population. Osteoarthritis Cartilage 2018; 26: 195-201. 

34. Loeser RF, Olex AL, McNulty MA, Carlson CS, Callahan M, Ferguson C, et al. Disease 

progression and phasic changes in gene expression in a mouse model of osteoarthritis. 

PLoS One 2013; 8: e54633. 

35. Sebastian A, Chang JC, Mendez ME, Murugesh DK, Hatsell S, Economides AN, et al. 

Comparative Transcriptomics Identifies Novel Genes and Pathways Involved in Post-

Traumatic Osteoarthritis Development and Progression. Int J Mol Sci 2018; 19. 

36. Smith CM, Hayamizu TF, Finger JH, Bello SM, McCright IJ, Xu J, et al. The mouse 

Gene Expression Database (GXD): 2019 update. Nucleic Acids Res 2019; 47: D774-

D779. 

37. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential 

expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res 

2015; 43: e47. 

38. Korotkevich G, Sukhov V, Budin N, Shpak B, Artyomov MN, Sergushichev A. Fast gene 

set enrichment analysis. bioRxiv 2021: 060012. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 28 

39. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing biological 

themes among gene clusters. OMICS 2012; 16: 284-287. 

40. Dolgalev I. msigdbr: MSigDB Gene Sets for Multiple Organisms in a Tidy Data Format. 

7.5.1 ed2022. 

41. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al. Gene 

set enrichment analysis: a knowledge-based approach for interpreting genome-wide 

expression profiles. Proc Natl Acad Sci U S A 2005; 102: 15545-15550. 

42. Liberzon A, Birger C, Thorvaldsdottir H, Ghandi M, Mesirov JP, Tamayo P. The 

Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell Syst 2015; 

1: 417-425. 

43. Kung LHW, Ravi V, Rowley L, Bell KM, Little CB, Bateman JF. Comprehensive 

Expression Analysis of microRNAs and mRNAs in Synovial Tissue from a Mouse Model 

of Early Post-Traumatic Osteoarthritis. Sci Rep 2017; 7: 17701. 

44. Chan DD, Mashiatulla M, Li J, Ross RD, Pendyala M, Patwa A, et al. Contrast-enhanced 

micro-computed tomography of compartment and time-dependent changes in femoral 

cartilage and subchondral plate in a murine model of osteoarthritis. Anat Rec (Hoboken) 

2023; 306: 92-109. 

45. Chan DD, Xiao WF, Li J, de la Motte CA, Sandy JD, Plaas A. Deficiency of hyaluronan 

synthase 1 (Has1) results in chronic joint inflammation and widespread intra-articular 

fibrosis in a murine model of knee joint cartilage damage. Osteoarthritis Cartilage 2015; 

23: 1879-1889. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 29 

46. Brophy RH, Zhang B, Cai L, Wright RW, Sandell LJ, Rai MF. Transcriptome comparison 

of meniscus from patients with and without osteoarthritis. Osteoarthritis Cartilage 2018; 

26: 422-432. 

47. Avila A, Vasavada K, Shankar DS, Petrera M, Jazrawi LM, Strauss EJ. Current 

Controversies in Arthroscopic Partial Meniscectomy. Curr Rev Musculoskelet Med 2022; 

15: 336-343. 

48. Favero M, Ramonda R, Goldring MB, Goldring SR, Punzi L. Early knee osteoarthritis. 

RMD Open 2015; 1: e000062. 

49. Peffers MJ, Beynon RJ, Clegg PD. Absolute quantification of selected proteins in the 

human osteoarthritic secretome. Int J Mol Sci 2013; 14: 20658-20681. 

50. Hu Y, Wu Y, Gan F, Jiang M, Chen D, Xie M, et al. Identification of Potential 

Therapeutic Target Genes in Osteoarthritis. Evid Based Complement Alternat Med 2022; 

2022: 8027987. 

51. Ansari MY, Ball HC, Wase SJ, Novak K, Haqqi TM. Lysosomal dysfunction in 

osteoarthritis and aged cartilage triggers apoptosis in chondrocytes through BAX 

mediated release of Cytochrome c. Osteoarthritis Cartilage 2021; 29: 100-112. 

52. Cao X, Wu S, Wang X, Huang J, Zhang W, Liang C. Receptor tyrosine kinase C-kit 

promotes a destructive phenotype of FLS in osteoarthritis via intracellular EMT 

signaling. Mol Med 2023; 29: 38. 

53. Irie K, Uchiyama E, Iwaso H. Intraarticular inflammatory cytokines in acute anterior 

cruciate ligament injured knee. Knee 2003; 10: 93-96. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 30 

54. Ding L, Amendola A, Wolf B, Bollier M, Albright J, Wang Q, et al. Association of 

chemokine expression in anterior cruciate ligament deficient knee with patient 

characteristics: Implications for post-traumatic osteoarthritis. Knee 2020; 27: 36-44. 

55. Venkatesan N, Barre L, Bourhim M, Magdalou J, Mainard D, Netter P, et al. 

Xylosyltransferase-I regulates glycosaminoglycan synthesis during the pathogenic 

process of human osteoarthritis. PLoS One 2012; 7: e34020. 

56. Mobasheri A, Thudium CS, Bay-Jensen AC, Maleitzke T, Geissler S, Duda GN, et al. 

Biomarkers for osteoarthritis: Current status and future prospects. Best Pract Res Clin 

Rheumatol 2023; 37: 101852. 

57. Attur M, Krasnokutsky-Samuels S, Samuels J, Abramson SB. Prognostic biomarkers in 

osteoarthritis. Curr Opin Rheumatol 2013; 25: 136-144. 

58. Vaughn IA, Terry EL, Bartley EJ, Schaefer N, Fillingim RB. Racial-Ethnic Differences in 

Osteoarthritis Pain and Disability: A Meta-Analysis. J Pain 2019; 20: 629-644. 

59. Wise A, Boring MA, Odom EL, Foster AL, Guglielmo D, Master H, et al. Racial and 

Ethnic Differences in the Prevalence of Patients With Arthritis and Severe Joint Pain and 

Who Received Provider Counseling About Physical Activity for Arthritis Among Adults 

Aged 18 Years or Older-United States, 2019. Arthritis Care Res (Hoboken) 2024; 76: 

1028-1036. 

60. Ali N, Turkiewicz A, Hughes V, Folkesson E, Tjornstand J, Neuman P, et al. Proteomics 

Profiling of Human Synovial Fluid Suggests Increased Protein Interplay in Early-

Osteoarthritis (OA) That Is Lost in Late-Stage OA. Mol Cell Proteomics 2022; 21: 

100200. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


 31 

61. June RK, Liu-Bryan R, Long F, Griffin TM. Emerging role of metabolic signaling in 

synovial joint remodeling and osteoarthritis. J Orthop Res 2016; 34: 2048-2058. 

62. Hahn AK, Wallace CW, Welhaven HD, Brooks E, McAlpine M, Christiansen BA, et al. 

The microbiome mediates epiphyseal bone loss and metabolomic changes after acute 

joint trauma in mice. Osteoarthritis Cartilage 2021.  

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/


.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 28, 2025. ; https://doi.org/10.1101/2025.02.23.639777doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.23.639777
http://creativecommons.org/licenses/by-nc-nd/4.0/

