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SUMMARY: 
This study uses genome-scale metabolic models and flux balance analysis to investigate metabolic flux dynamics in ankylosing spondylitis (AS). The key findings include upregulated pathways like purine metabolism, fatty acid degradation, and glycolysis in immune cells. These findings highlight metabolic adaptations in AS and potential targets for therapeutic interventions.

ABSTRACT: 
Ankylosing spondylitis (AS) is an autoimmune inflammatory disorder primarily affecting the spine, with complex metabolic alterations that may influence disease progression. Understanding the metabolic adaptations associated with AS can provide valuable insights into the mechanism of disease and identify potential metabolic targets for effective treatments. In this study, we leveraged genome-scale metabolic models (GEMs) and flux balance analysis (FBA) to investigate metabolic flux dynamics in peripheral blood mononuclear cells (PBMCs) from AS patients compared to healthy individuals. Additionally, we applied flux sampling to perform differential flux analysis, providing a more comprehensive view of flux variability within metabolic pathways across cell types. Using the GIMME algorithm, we constructed GEMs for each cell type to examine differences in reaction fluxes. Our analysis showed an upregulation of flux in several key metabolic pathways, including purine metabolism, fatty acid degradation, and glycolysis. Notably, these increased fluxes were observed across multiple immune cell types, such as CD14 monocytes, CD4 memory T cells, CD4 naive T cells, and CD8 T cells, indicating heightened metabolic activity in these pathways within AS patients. These findings suggest that specific metabolic changes seen in immune cell subsets may play an important role in the inflammatory processes of the disease and may offer new perspectives for targeted metabolic interventions in AS pathogenesis. This flux-centered approach enriches the understanding of metabolic changes associated with AS and provides a foundation for future research on targeted metabolic interventions.

INTRODUCTION: 
The immune system is the body’s primary defense against pathogens and abnormal cell growth, maintaining health by eliminating harmful invaders1,2. However, in some cases, it fails to distinguish between the body’s healthy cells and foreign entities, mistakenly attacking its own tissues. This dysregulation leads to autoimmune diseases characterized by chronic inflammation and tissue damage2. 

Ankylosing spondylitis (AS), a common autoimmune condition and a subtype of spondyloarthritis, is influenced by genetic, immunological, and environmental factors, although its precise mechanisms remain unclear3. While existing treatments can slow disease progression and alleviate symptoms, a definitive cure is yet to be discovered4. Advances like single-cell RNA sequencing (scRNA-seq) provide critical insights into cellular heterogeneity and immune cell behavior, particularly for diseases with complex cellular compositions like AS3.

Metabolism is central to immune cell activation and function, making metabolic pathways promising targets for treating autoimmune diseases5. Metabolic reprogramming has shown potential in restoring balance among immune cell types, paving the way for targeted therapies6,7. Genome-scale metabolic models (GEMs) are powerful tools for simulating metabolic networks and elucidating disease mechanisms, offering comprehensive insights into metabolic processes8. These models efficiently predict metabolic fluxes and identify gene-reaction relationships9. Integrating scRNA-seq data with GEMs provides a robust framework for understanding metabolic networks and identifying potential therapeutic targets. The overall goal of this method is to systematically uncover metabolic flux alterations in specific situations, such as AS, using an integrative approach that combines scRNA-seq with GEMs, enabling cell-type-specific metabolic profiling and pathway-level analysis to identify potential therapeutic targets.

The rationale behind developing and using this technique lies in the central role of metabolism in immune cell activation and function, making metabolic pathways promising targets for autoimmune disease management. Integrating scRNA-seq with GEMs provides a robust framework to understand cell-type-specific metabolic states in complex diseases such as AS10. Compared to alternative approaches, this method offers several advantages. Unlike bulk RNA-seq, scRNA-seq resolves cellular heterogeneity11, and unlike traditional metabolic analyses, GEM-based approaches capture comprehensive flux distributions under biological constraints12. Previous studies have demonstrated the utility of scRNA-seq and GEM integration in dissecting immune metabolism, providing a more detailed and mechanistic understanding of autoimmune disease progression10,13.

In this study, cell-specific metabolic models constructed from scRNA-seq data of AS patients revealed novel biomarkers and investigated the biological mechanisms of the disease. This integrative approach demonstrates the potential of metabolic flux analysis in advancing treatments for AS and other complex conditions, including cancer.

PROTOCOL:
The dataset used here was generated and deposited by Lefferts et al. (2021)14 and is publicly available, fully de-identified, and collected with informed consent and appropriate ethical approvals by the original authors, allowing its reuse without additional ethical clearance. We have selected this dataset specifically for demonstrating the workflow of integrating single-cell RNA-seq data with GEMs due to its manageable size, clear metadata structure, and well-annotated cell populations, making it ideal for teaching purposes in this protocol. While this dataset contains a small number of samples, it is sufficient for illustrating the analysis steps, preprocessing, clustering, and metabolic modeling workflows clearly for readers. For comprehensive biological conclusions, larger cohorts are recommended. We have applied this workflow to larger datasets in our research study to investigate disease-specific metabolic alterations systematically, using this method on expanded patient cohorts to ensure robust findings15.

1. Identification of PBMC scRNA-seq dataset

1.1. Access the GEO database (https://www.ncbi.nlm.nih.gov/geo/) and search for the accession code GSE163314 (DS1)14, which includes two healthy individuals and two individuals with axial spondyloarthritis (axSpA), a subtype of Ankylosing Spondylitis (AS). 

1.2. Download the supplementary files GSE163314_All.combined.metadata.csv.gz and GSE163314_RAW.tar. The metadata file contains sample annotations, while the raw expression data will be used for downstream preprocessing and analysis.

2. Data processing and preprocessing

2.1 Installing required libraries

2.1.1 Install R (https://www.r-project.org) and RStudio (https://www.rstudio.com). Install necessary libraries. Seurat is specifically designed for scRNA-seq analysis, dplyr and tidyverse are used for data manipulation, and ggplot2 allows visualization of data distribution. Use the code provided below:
install.packages(c("Seurat", "dplyr", "tidyverse", "ggplot2"))

2.2 Downloading and loading dataset files

2.2.1 Extract the following files from GSE163314_RAW.tar: matrix.mtx.gz, features.tsv.gz, barcodes.tsv.gz. These files collectively represent the raw gene expression matrix, gene names, and cell barcodes, respectively

2.2.2 Load data into R using Seurat:
library(Seurat)
healthy_patient5 <- Read10X(data.dir = "./GSE163314/control/GSM4976997/")
healthy_patient21 <- Read10X(data.dir = "./GSE163314/control/GSM4977001/")
diseased_patient3 <- Read10X(data.dir = "./GSE163314/diseased/GSM4976995/")
diseased_patient27 <- Read10X(data.dir = "./GSE163314/diseased/GSM4977005/")
The Read10X function converts raw sequencing data into a structured format, enabling further analysis.

2.2.3	Load each patient’s data as a separate Seurat object (hc_p5, hc_p21, as_p3, as_p27), allowing patient-level control and flexibility for quality control and downstream analysis.

2.3 Creating Seurat objects

2.3.1 Seurat objects store gene expression matrices, metadata, and analysis results in a structured way, facilitating subsequent processing steps. Use the code below to create the objects:
hc_p5 <- CreateSeuratObject(counts = healthy_patient5)
hc_p21 <- CreateSeuratObject(counts = healthy_patient21)
as_p3 <- CreateSeuratObject(counts = diseased_patient3)
as_p27 <- CreateSeuratObject(counts = diseased_patient27)
The identifiers hc_p5 and hc_p21 represent healthy control samples from Patient 5 and Patient 21 in the dataset, respectively, while as_p3 and as_p27 represent AS patient samples from Patient 3 and Patient 27. These names are used to track and process each sample separately during quality control, normalization, and downstream analysis in Seurat.

3. Quality control and normalization

3.1 Quality Control (QC)

NOTE: High mitochondrial RNA content indicates stressed or dying cells, which may introduce biases into the analysis. Setting thresholds for gene counts and RNA content removes low-quality or doublet cells, ensuring more accurate downstream analyses.

3.1.1 Add mitochondrial RNA content and visualize quality metrics using the code below:
hc_p5 <- PercentageFeatureSet(hc_p5, pattern = "^MT-", col.name = "percent.mt")
hc_p5 <- subset(hc_p5, subset = nFeature_RNA > 200 & nFeature_RNA < 3000 & nCount_RNA < 15000 & percent.mt < 5)
These thresholds align with recommendations in single-cell RNA sequencing literature16 and were also informed by inspection of our dataset’s distribution.

3.2 Normalization and feature selection

3.2.1 Normalization ensures gene expression levels are comparable across cells by correcting for sequencing depth and technical noise. Identify highly variable genes for downstream clustering and differential expression analysis using the code given below:
hc_p5 <- NormalizeData(hc_p5)
hc_p5 <- FindVariableFeatures(hc_p5)

3.3 Repeat steps 3.1 and 3.2 for hc_p21, as_p3, and as_p27.

4. Merging and dimensionality reduction

4.1 Merging datasets

4.1.1	After individual processing, merge healthy samples into a combined object (HC), and AS samples into another (AS), before creating the final combined object (HC_AS) to enable direct comparisons between groups.

4.1.2 Merge datasets to ensure that healthy and diseased samples are analyzed together, enabling direct comparisons between AS and control groups. Use the code below:
HC <- merge(hc_p5, y = hc_p21, add.cell.ids = c("hc_p5", "hc_p21"), project = "HC.merged")
AS <- merge(as_p3, y = as_p27, add.cell.ids = c("as_p3", "as_p27"), project = "AS.merged")
HC_AS <- merge(HC, y = AS, project = "HC_AS.combined")
saveRDS(HC_AS, file = "./GSE163314/HC_AS.RDS")

4.2 Principal Component Analysis (PCA)

4.2.1 Perform PCA and generate an elbow plot to determine the number of principal components using the code below:
HC_AS <- RunPCA(HC_AS, features = VariableFeatures(HC_AS))
ElbowPlot(HC_AS)
PCA reduces the dimensionality of the dataset while preserving key variation in gene expression. The elbow plot helps determine the optimal number of components to retain for clustering.

5. Marker identification and differential expression analysis

5.1 To identify cluster marker genes for selected clusters, use the code below:
markers_cluster0 <- FindMarkers(HC_AS, ident.1 = 0, min.pct = 0.25)
markers_cluster1 <- FindMarkers(HC_AS, ident.1 = 1, min.pct = 0.25)
Marker genes define the identity of each cell cluster, enabling annotation of cell types based on known gene expression signatures. 

5.2 Annotation and feature plotting

5.2.1 After identifying cluster-specific marker genes, interpret them in the context of known cell type signatures from the literature to assign biologically meaningful labels to each cluster. 

5.2.2 Assign cell type identities for selected clusters using the code below:
new.cluster.ids <- c("CD4 Memory T", "CD14 Monocytes")
names(new.cluster.ids) <- levels(HC_AS)
HC_AS <- RenameIdents(HC_AS, new.cluster.ids)
FeaturePlot(HC_AS, features = c("CD3D", "IL7R"))

This step annotates clusters based on known marker genes, providing biological interpretation of different immune cell populations.

5.2.3 	Select clusters based on the expression of known marker genes identified through differential expression analysis. For example, for clusters expressing CD3D and IL7R assign them as CD4 Memory T cells, while for clusters with high CD14 expression, assign as CD14 Monocytes. Match each cluster to the closest immune cell type reported in the literature before assignment, ensuring biologically meaningful labeling and consistency with established immune cell signatures.

6. Construction of cell-type-specific genome-scale metabolic models

6.1 Model reconstruction and preprocessing

NOTE: Genome-scale metabolic modeling allows simulation of metabolic activity in different cell types, revealing metabolic pathways that differ between healthy and AS-affected cells. The objective function was set as ATPtm to reflect the cellular energy demand, a widely used and biologically relevant approach in metabolic modeling that simulates essential cellular functions. Prior studies have demonstrated that maximizing or meeting ATP demand in FBA provides accurate predictions of metabolic flux distributions under diverse physiological conditions, aligning with cellular behavior that prioritizes energy production to support survival and function. FBA was performed under the assumption of steady-state metabolism, which is a standard approach in constraint-based modeling17.

6.1.1 Download the Recon3D metabolic model from the Virtual Metabolic Human database (https://www.vmh.life/). 

6.1.2 Construct genome-scale metabolic models (GEMs) for each cell type using the GIMME algorithm8 in the Cobra Toolbox18 (MATLAB 2023). Map gene expression data to metabolic reactions and constrain models based on expression-derived thresholds. Use the code below:
Recon3D = changeObjective(Recon3D, 'ATPtm');
expr_to_rxn = mapExpressionToReactions(Recon3D, gene_expression_data, 'minSum');
cell_specific_GIMME = GIMME(Recon3D, expr_to_rxn, 0.06);
FBA_results = optimizeCbModel(cell_specific_GIMME);

6.1.3 Repeat for each cell type to ensure unique models for both healthy and diseased conditions.
Select the threshold value of 0.06 by averaging gene expression levels across all samples for each cell type and choose the median of these averages, ensuring that the threshold reflects typical expression patterns specific to the dataset. 

7. Flux sampling and reaction set enrichment analysis

7.1 Flux sampling

7.1.1 Perform flux sampling using the ACHR algorithm to generate 2000 flux distributions for each reaction under both healthy (HC) and diseased (AS) conditions for each cell type. Use the code below:
[sampling_HC, flux_HC] = sampleCbModel(cell_specific_HC_GIMME, 'ACHR');
[sampling_AS, flux_AS] = sampleCbModel(cell_specific_AS_GIMME, 'ACHR');

7.2 Identify common reactions using the code given below:
common_rxns = intersect(rxns_HC, rxns_AS);
flux_HC_common = flux_HC(ismember(rxns_HC, common_rxns), :);
flux_AS_common = flux_AS(ismember(rxns_AS, common_rxns), :);

7.3 Statistical analysis

NOTE: These statistical tests quantify differences in metabolic fluxes between AS and control samples.

7.3.1 Compare flux distributions using the Kolmogorov-Smirnov test and Wasserstein distance.
for i = 1:length(common_rxns)
 [~, p_values(i)] = kstest2(flux_AS_common(i,:), flux_HC_common(i,:));
 wasserstein_dist(i) = ws_distance(flux_AS_common(i,:), flux_HC_common(i,:));
end

7.3.2 Apply Bonferroni correction to adjust p-values.
corrected_p = pval_adjust(p_values, 'bonferroni');

7.4 Reaction set enrichment analysis

7.4.1 Perform enrichment analysis using the Reaction Set Enrichment Analysis (RSEA) tool (https://rseatool.com/)19. 

7.4.2 Upload reaction sets to RSEA for enrichment against KEGG20, using Model Name as Recon3D_VHM_large and Multiple Testing Option as Bonferroni: One-step correction.

7.4.3 Retrieve and analyze enrichment results separately for each cell type.

RESULTS:
This study's results demonstrate the proposed protocol's utility for understanding AS through scRNA-seq data and metabolic modeling. For DS1, 22,440 cells were analyzed (Figure 1). Clustering of cells using Uniform Manifold Approximation and Projection (UMAP) visualization identified 12 clusters in DS1 representing distinct immune cell types. Differential gene expression analysis was performed using the Wilcoxon rank-sum test, with genes displaying adjusted p-values below 0.05 classified as differentially expressed (Table 1). These analyses revealed unique patterns of gene expression for both healthy and AS-affected individuals, which were used to assign cell types to each cluster.

Further, GEMs were constructed for each cell type using a data-driven thresholding approach. Specifically, for dataset DS1, thresholds were determined by averaging gene expression values across all samples for each cell type and selecting the median of these averages, which corresponded approximately to 0.06. FBA revealed significant variations in ATP demand between AS patients and healthy controls. For example, B Intermediate cells and cDC2 cells in AS patients exhibited increased ATP demand, indicating heightened metabolic activity, whereas B Memory cells and CD4 Memory cells showed reduced ATP demand. These findings demonstrate the disease-specific metabolic alterations in various PBMC subtypes.

Flux sampling and reaction set enrichment analysis further identified DERs across datasets. In DS1, CD14 monocytes displayed the highest number of upregulated (989) and downregulated (475) DERs (Table 2). Pathway enrichment analysis highlighted increased fluxes in purine metabolism, fatty acid degradation, and glycolysis in AS patients' CD14 monocytes, CD4 memory, CD4 Naive, and CD8 T cells. These findings demonstrate distinct metabolic adaptations in immune cells associated with AS pathogenesis.

These results exemplify the practical application of the described workflow, demonstrating how single-cell RNA-seq data can be integrated with genome-scale metabolic models to uncover disease-specific metabolic signatures in ankylosing spondylitis. By first identifying distinct immune cell clusters through UMAP visualization and marker gene expression, biologically meaningful labels can be assigned to cell populations for targeted metabolic modeling. The subsequent use of GEM construction and flux balance analysis allows for the quantification of metabolic demands, such as ATP production, across cell types, revealing alterations in energy metabolism that may contribute to disease pathology. The incorporation of flux sampling and reaction set enrichment analysis further enables the identification of differentially expressed reactions and pathways, providing a deeper understanding of metabolic reprogramming in disease states.

FIGURE AND TABLE LEGENDS:
Figure 1: UMAP visualizations for DS1. (A) The left graphics show the distribution of cells between the diseased and healthy conditions, while (B) the right graphics show the distribution of the identified cell clusters.

Table 1: DEG numbers for cell types identified in DS1.

Table 2: Numbers of differentially up flux (DUF) and differentially down flux (DDF) in DS1.

DISCUSSION: 
This study provides a detailed protocol for combining scRNA-seq data analysis with genome-scale metabolic modeling (GEMs) to investigate metabolic alterations in Ankylosing Spondylitis (AS). The method includes critical steps such as quality control, data integration, clustering, and flux analysis, which enable the identification of differentially expressed genes (DEGs), differentially expressed reactions (DERs), and cell-type-specific metabolic changes. These steps are essential for producing reliable results and provide insights into the metabolic mechanisms underlying AS pathogenesis.

This protocol uses quality control metrics, ensuring the exclusion of cells with high mitochondrial RNA content or low gene counts, which could otherwise compromise the data quality17. Data integration addresses batch effects, using functions such as FindIntegrationAnchors and IntegrateData, which are vital for combining datasets from different sources. Another critical aspect is determining appropriate thresholds for the GIMME algorithm, as these directly influence the results of flux balance analysis by including only relevant metabolic reactions8. Additionally, clustering parameters, such as resolution and dimensionality, play a key role in accurately identifying distinct cell populations.

Despite its advantages, this protocol has limitations. Dimensionality reduction techniques, such as UMAP, may lead to inaccuracies in cluster representation, particularly for less abundant cell types, which can introduce bias21. Moreover, the reliance on existing metabolic reconstructions, such as Recon3D, may limit the precision of GEMs for specific cell types. Flux balance analysis, while useful, assumes steady-state conditions that may not fully capture the dynamic metabolic nature of immune cells in vivo17. These challenges highlight the need for careful parameter selection and validation during the protocol.

Compared to traditional approaches, this protocol integrates single-cell transcriptomics with metabolic modeling, offering significant advantages in studying cell-type-specific metabolic changes. Unlike bulk RNA-seq, which averages gene expression across cells, scRNA-seq enables the resolution of heterogeneity within cell populations23. Coupling this with GEMs allows for a direct link between transcriptomic data and metabolic fluxes, providing insights into the metabolic reprogramming of immune cells. This integrated approach is particularly valuable for studying complex diseases like AS, where immune cell metabolism plays a crucial role in disease progression.

Recent studies integrating scRNA-seq with metabolic modeling, including our results, demonstrate increased purine metabolism and glycolysis in immune cells such as CD14 monocytes and CD4/CD8 T cells in AS patients, indicating a hypermetabolic state associated with disease activity15. This metabolic reprogramming directly supports and aligns with established pro-inflammatory phenotypes in AS, characterized by heightened production of cytokines like TNF-α, IL-17, IL-1β, and IL-6, which play central roles in driving inflammation and immune cell activation4,24. The upregulated fluxes observed in this study likely fuel these pathogenic immune responses by providing the energetic and biosynthetic demands required for sustained cytokine secretion and immune cell proliferation. Furthermore, purine metabolites have been implicated in pathological bone remodeling through promotion of chondrocyte growth and osteoblast differentiation through pathways such as PKA/CREB, linking metabolic flux changes to broader disease manifestations beyond inflammation25. Collectively, these findings reinforce the concept that altered metabolic fluxes in immune cells contribute mechanistically to AS pathogenesis, highlighting them as promising targets for therapeutic intervention.

The protocol has broad applicability beyond AS. By identifying metabolic pathways associated with inflammation and tissue damage, it provides potential therapeutic targets not only for autoimmune diseases but also for conditions such as cancer and infectious diseases, where immune metabolism is central to pathogenesis. For example, the observed upregulation of purine metabolism and glycolysis in AS patients highlights pathways that could be selectively modulated to manage disease symptoms26. The ability to analyze flux variability and perform pathway enrichment analysis further enhances the protocol’s versatility.

This method represents a significant advancement in systems biology, bridging the gap between single-cell transcriptomics and metabolic modeling. It provides a scalable, precise, and integrative approach for uncovering metabolic adaptations in complex diseases. Future improvements, such as integrating dynamic metabolic models or multi-omics datasets, could expand the utility of this protocol, enabling a deeper understanding of disease mechanisms and identifying new therapeutic opportunities.
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