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Abstract: Bone nonunion is a significant clinical problem, yet the cellular 
mechanisms that sustain failed repair in humans remain poorly understood. Here, 
we re-analyzed a human nonunion single-cell RNA sequencing (scRNA-seq) 
dataset to move beyond broad descriptive cell-population changes and generate a 
subtype-resolved, hypothesis-oriented framework. Across 16 major lineages, 
differential abundance testing revealed robust expansion of fibroblast, chondrocyte, 
and macrophage neighborhoods in nonunion. Intercellular communication 
reconstruction further showed that macrophages were the dominant upregulated 
signal “senders”, whereas fibroblasts were the primary “receivers”, with a disease-
enhanced macrophage-to-fibroblast TGFB1–(TGFBR1+TGFBR2) axis forming a 
central hub. Fibroblasts in nonunion also showed metabolic rewiring and an 
increased senescence signature, including strengthened metabolite-mediated 
macrophage-to-fibroblast signaling (e.g., glutamine-linked pathways). Further 
subclustering identified a disease-enriched fibroblast “Fib1 executor” state that acts 
as a pro-fibrotic signaling sink, governed by a 13-transcription-factor regulon and 
a compact five-gene effector module (ACTA2, F3, THBS1, SERPINE1, NTM). 
Finally, we performed an exploratory computational compound-prioritization 
analysis linked to the Fib1-centered program, generating preliminary hypotheses for 
future validation rather than validated therapeutic nominations. Together, our results 
suggest that human nonunion contains a disease-enriched macrophage-to-fibroblast 
communication program and a fibroblast-centered effector signature that may help 
guide future mechanistic and therapeutic studies. 

 Keywords: bone nonunion; single-cell RNA sequencing; fibroblast; drug repurposing 

1. Introduction 

Bone fracture is one of the most common traumatic injuries worldwide. Physiological fracture healing is a staged 
program, yet a substantial proportion of long-bone fractures progress to nonunion, commonly cited at ~5–10% 
depending on bone, injury severity, and treatment context [1]. Clinically, nonunion is often defined as a fracture 
persisting for at least nine months without radiographic progression for three consecutive months, and it is 
associated with chronic pain, functional disability, and considerable socioeconomic burden [2]. Large database 
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and systematic evidence indicate that nonunion markedly escalates healthcare utilization and costs—often several-
fold higher than uncomplicated fracture care—and patients experience profound impairment in health-related 
quality of life [3]. Current management centers on restoring stability and biologic augmentation, but outcomes 
remain heterogeneous and frequently require repeat procedures [4]. A key barrier is the incompletely defined 
human intramedullary signaling landscape, where immune–vascular cues and stromal programs may favor fibrotic 
responses that compete with regeneration [5]. 

Currently, no authorized pharmacological agents exist for nonunion; care relies on surgical stabilization with 
or without autologous grafting, which adds donor-site injury [6,7]. Classic human studies depict nonunion tissue 
as vascularized connective stroma enriched for fibroblasts and CD11b+ macrophages with matrix-remodeling 
activity, implicating macrophage–fibroblast coupling [8]. Yet the molecular circuitry of the human intramedullary 
niche remains poorly defined [9]. The published intramedullary scRNA-seq study of human femoral nonunion 
primarily highlighted altered immune-cell populations, thereby establishing an important cellular reference map but 
leaving stromal-state heterogeneity and subtype-resolved intercellular communication insufficiently explored [10]. 
In parallel, other human transcriptomic studies have addressed different biological compartments: La Manna et al. 
profiled osteoprogenitor cells and identified FOS as a putative regulator of impaired osteogenic repair [11], 
whereas Salichos et al. compared physiological fracture callus with hypertrophic and oligotrophic nonunion tissues 
at the bulk transcriptome level [12]. Together, these studies indicate that human nonunion involves both defective 
regenerative competence and broader tissue-level molecular remodeling, but they do not resolve how immune and 
stromal states are organized within the disease microenvironment. Accordingly, deeper re-mining of high-
resolution human datasets is needed to move beyond broad population-level descriptions and toward subtype-
resolved biological hypotheses and target nomination. 

In this study, we performed a comprehensive re-analysis of a published human intramedullary scRNA-seq 
dataset of femoral nonunion, shifting the focus from descriptive cell population changes to a subtype-resolved, 
hypothesis-generating cell-state framework that helps explain how regenerative programs may become durably 
impaired in nonunion. Building on evidence that macrophage–fibroblast interactions can sustain chronic 
fibroinflammatory remodeling, we identified a disease-enriched fibroblast “executor” state with a compact 
downstream effector suitable for virtual perturbation and target nomination. To extend this biological framework 
toward future therapeutic hypothesis generation, we integrated this cell-state mapping with an exploratory, 
repurposing-oriented computational prioritization strategy. Using an integrated machine-learning and structural 
evaluation workflow, we ranked FDA-approved compounds as preliminary candidates for future validation. 

2. Methods 

2.1. Public Datasets and Initial Processing 

Single-cell sequencing data were downloaded from the Gene Expression Omnibus (GEO) under accession number 
GSE217792 [10]. The dataset profiles human femur nonunion samples (n = 5) and healthy samples (n = 4) from 
intramedullary canals. All downstream processing was carried out in R 4.5.0 with Seurat v5 [13] or Python 3.10.4 with 
OmicVerse [14]. Raw matrices were filtered to retain nuclei/cells with ≥500 expressed genes, ≥1000 unique 
molecular identifiers (UMIs) and ≤5% mitochondrial transcripts. Putative doublets were identified with 
scDblFinder [15] and removed. Data were log-normalized (NormalizeData, scale.factor = 1 × 104) and 2000 highly 
variable features were selected with FindVariableFeatures. Samples were integrated by Harmony software [16]. 
The integrated matrix was scaled and subjected to principal-component analysis (PCA). The first 30 PCs were 
used to build a shared nearest-neighbor graph and to generate a two-dimensional UMAP embedding. Louvain 
clustering (resolution = 1.0) defined transcriptional clusters. Integrated Seurat objects were processed for 
clustering with standard Seurat 5 workflow. Clusters were labeled as cell types according to characteristic genes 
identified by Seurat FindMarkers function. 

2.2. Composition Analysis 

Cell-type frequencies were calculated per sample (prop.table) and visualized by ggalluvial. Transcriptional 
neighborhoods were calculated by MiloR [17] (k = 30). Neighborhood cell counts were modelled with a negative-
binomial generalized linear model that included condition (nonunion vs. control) as a fixed effect; neighborhoods 
with FDR < 0.1 were deemed differentially abundant. To provide an external cross-dataset comparison with 
previously published human nonunion transcriptomic studies, we additionally analyzed the public bulk RNA-seq 
cohort from the GEO GSE226568 [11] super-series, specifically the tissue subseries GSE226566, which includes 
healthy bone, fracture callus, and nonunion tissue samples. Raw count matrices were processed and deconvolved 
using BayesPrism [18], with the annotated cell-type reference derived from our scRNA-seq atlas. Inferred cell-
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type fractions were summarized at the sample level and compared across groups. Because the external cohort 
differs from the discovery scRNA-seq dataset in sequencing modality, tissue composition, and cohort structure, 
this analysis was interpreted as supportive cross-dataset comparison rather than direct orthogonal validation. 

2.3. Cell–Cell Communication 

Ligand–receptor interactions were inferred with CellChatV2 [19] using the built-in human database. 
Interactions with p < 0.05 (1000 permutations) were retained. Total interaction number, aggregated interaction 
strength and information-flow metrics were extracted for each condition, and differential interaction matrices 
(nonunion–control) were visualized as heat maps. To identify macrophage-derived signals influencing fibroblast 
fate, we applied NicheNet [20], which predicts ligand-receptor interactions driving transcriptional responses by 
integrating expression data with curated signaling networks. 

2.4. Metabolic Inference 

The log-normalized, MAGIC-imputed expression matrix for the full atlas (MAGIC, k = 10) was analyzed 
with scFEA [21] using the human metabolic network. Predicted reaction-flux vectors were generated for all cells 
and retained for downstream analyses. Metabolite-mediated cell-cell communication (mCCC) was reconstructed 
using MEBOCOST [22] with its curated metabolite–sensor knowledge base. In this framework, sender cells are 
estimated by metabolite efflux rates together with enzyme expression, and receiver cells by influx rates together 
with sensor expression; communication chains are reported as sender-to-metabolite-to-sensor-to-receiver. We 
integrated scFEA-predicted influx/efflux by constraining fluxes via the ConstrainFluxFromAnyTool interface and 
performed differential mCCC analysis between nonunion and control according to the package’s multi-sample 
comparison options. Unless stated otherwise, significance followed MEBOCOST’s default enzyme–sensor co-
expression testing; for network display, edges were colored by log₂-fold-change (nonunion vs. control). 

2.5. Fibroblast Phenotyping 

Fibroblasts were subsetted from the integrated scRNA-seq object and used for state-level phenotyping across 
control and nonunion conditions. These phenotypic axes were selected to capture fibroblast programs plausibly 
relevant to nonunion pathophysiology, including migratory remodeling, mechanical matrix sensing, extracellular 
matrix deposition, contractile/myofibroblast-like activation, senescence-associated dysfunction, and altered cell-
cycle states. Cellular senescence was quantified at single-cell resolution using the human Universal Senescence 
Index (hUSI) [23], generating a continuous senescence score for each fibroblast; fibroblasts were further 
categorized into senescent versus non-senescent states according to the hUSI algorithm to enable proportion-based 
comparisons between conditions. Fibroblast cell-cycle state was inferred using Seurat’s CellCycleScoring function 
with canonical S-phase and G2/M-phase gene sets (Seurat cc.genes), which computes per-cell S and G2M scores 
and assigns discrete phases (G1, S, or G2M). To quantify fibroblast functional polarization, we computed 
pathway/module activity scores for five phenotype gene sets (Migration, Mechanical signaling, Fibrosis, 
Myofibroblast differentiation, and Myogenesis) [24] by applying Seurat’s AddModuleScore function on curated 
gene signatures, yielding per-cell module scores that were visualized as ridge plots and compared between control 
and nonunion fibroblasts. To assess the robustness of the phenotype scoring, we additionally evaluated the same 
five fibroblast gene signatures using AUCell [25]. 

2.6. Subtype-Resolved Analysis and Signaling Dynamics 

Fibroblasts and macrophages were extracted from the integrated scRNA-seq object and subjected to sub-
clustering (resolution = 0.2), yielding four fibroblast states (Fib1–fib4) and three macrophage states (mac1–mac3), 
which were visualized by UMAP. Subtype-specific markers were identified by differential expression analysis and 
summarized by volcano plots, followed by integrated GO/KEGG enrichment by metascape [26] to interpret 
subtype specialization. Intercellular communication was reconstructed using the same CellChat-based signaling 
inference framework described for macrophage–fibroblast crosstalk, and TGF-β pathway flux was visualized with 
circle plots; signaling-role importance (Sender/Receiver/Mediator/Influencer) was quantified across representative 
pathways (TGF-β, FGF, LAMININ, PDGF, ANGPTL). In addition, to directly assess subtype-level targeting of 
Fib1, we explicitly extracted macrophage-subtype-to-Fib1 interactions from the merged CellChat object and 
compared them between nonunion and control; pathway-specific contribution analysis was then performed for the 
TGF-β axis. Fib1-state robustness within the nonunion fibroblast compartment was further evaluated by donor-
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level program scoring, parameter perturbation across dimensional settings, clustering resolutions, and leave-one-
donor-out reanalysis. 

2.7. Regulatory Network Inference and Virtual Perturbation 

A Fib1-centered regulatory hierarchy was constructed by integrating a quadrant nomination strategy (genes both 
Fib1-specific and nonunion-upregulated) with regulon inference. pySCENIC [25] was used to infer TF regulons and 
rank them by Regulon Specificity Score (RSS); the intersection of top-ranked regulons from all fibroblasts and the 
Fib1 subset defined 13 potential master regulons, which were assembled into a TF–target network to nominate an 
effector module. Module activity was quantified by per-cell signature density on the fibroblast UMAP. Functional 
necessity was evaluated by in silico knockouts at the mRNA level (scTenifoldKnk) [27] and protein-inferred level 
(scTranslator) [28], followed by GO enrichment of significantly downregulated features. 

2.8. Exploratory in Silico Compound Prioritization and Cross-Disease Scoring 

To explore whether clinically used compounds might be associated with the Fib1-linked profibrotic program, 
we implemented an exploratory in silico prioritization workflow integrating deep learning–based drug–target scoring 
with structure-informed model evaluation. An FDA-approved small-molecule library (from DrugBank) [29] and 
target protein resources (UniProt) [30], together with drug–target affinity data (ChEMBL) [31], were integrated 
for screening. NHGNN-DTA [32] was used for the initial triage to rank candidate compounds across the selected 
Fib1-related protein set. Top-ranked compounds were then further examined using Boltz2-derived 
structural/model outputs [33]. In this study, we used a prespecified internal cutoff of model score >0.7 across the 
selected targets as an exploratory prioritization rule for retaining compounds with comparatively stronger predicted 
interface-level model support within our workflow. This cutoff was used as a heuristic ranking criterion for 
computational triage only, rather than as an experimental biochemical affinity threshold. Because the nominated 
Fib1-associated genes include disease-linked effectors/signature components rather than uniformly established 
conventional small-molecule targets, and because no orthogonal biochemical or cellular target-engagement assays 
were performed, this workflow was intended for hypothesis generation and prioritization only. Candidate compounds 
retained by this exploratory framework were subsequently filtered by practical feasibility considerations and further 
examined against fibrosis-related markers curated from published external studies [34–42]. 

3. Results 

3.1. Single-Cell Landscape and Differential Abundance of Intramedullary Cell Populations in Nonunion 

The overall study design is illustrated in Figure 1. To elucidate the cellular heterogeneity and identify critical 
population shifts within the nonunion microenvironment, we integrated and re-analyzed the published scRNA-seq 
dataset. Unbiased clustering and Uniform Manifold Approximation and Projection (UMAP) identified 16 major 
cell lineages, encompassing mesenchymal, immune, and vascular populations (Figure 2A). The identity of these 
clusters was confirmed through the expression of canonical marker genes, including PDGFRA for fibroblasts, 
ACAN for chondrocytes, C1QA for macrophages, and LEPR for skeletal stem/progenitor cells (SSPCs) (Figure 2D). 

 

Figure 1. Schematic overview of the study design and analytical workflow. 
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Figure 2. Single-cell landscape and differential cell-type abundance in human intramedullary contents from control 
and nonunion samples. (A) UMAP embedding of the integrated scRNA-seq dataset, with all cells colored by 
annotated cell type. (B) UMAPs split by condition (Control vs. nonunion) to visualize condition-specific 
distributions of the major cell populations. (C) Stacked proportional composition plot summarizing the relative 
abundance of each annotated cell type in Control and nonunion groups. (D) Dot plot of canonical marker genes 
used for cell-type annotation; dot size denotes the fraction of cells expressing each marker within a cell type, and 
dot color reflects mean expression (with total cell counts indicated). (E) MiloR neighborhood graph over the 
embedding, illustrating local cell neighborhoods used for differential abundance testing; node size represents 
neighborhood size, edge thickness reflects neighborhood overlap, and node color indicates the log2 fold-change (nonunion 
vs. Control). (F) Beeswarm summary of MiloR differential abundance results by cell type, showing neighborhood-level 
log2 fold-changes and significance calls (enriched in Control, enriched in nonunion, or not significant), highlighting 
expansion/enrichment of macrophage, chondrocyte, and fibroblast neighborhoods in nonunion. 

Comparative analysis of the cell type proportions revealed distinct compositional differences between the 
two conditions (Figure 2B,C). To quantitatively assess these shifts with higher resolution, we employed MiloR for 
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differential abundance testing across the neighborhood graph (Figure 2E). This analysis revealed a significant 
expansion of specific cell states in nonunion samples (Figure 2F). Specifically, we observed a robust and 
statistically significant enrichment of neighborhoods corresponding to fibroblasts, chondrocytes, and macrophages 
in the nonunion group (Log2 Fold Change > 0), whereas other populations such as B cells and T cells remained 
relatively stable (Figure 2F). 

Collectively, these findings provide a comprehensive atlas of the nonunion landscape and pinpoint 
fibroblasts, chondrocytes, and macrophages as the primary expanded populations potentially driving the 
pathological environment. To assess whether the fibroblast enrichment observed in the discovery single-cell cohort 
could also be detected in an external dataset, we performed a reference-guided deconvolution of the published 
bulk RNA-seq cohort from the GSE226568 super-series (tissue subseries GSE226566) using BayesPrism. The 
inferred cell-type composition profiles varied across healthy bone, fracture callus, and nonunion samples. At the 
group level, nonunion samples showed a numerically higher inferred fibroblast fraction than healthy bone and 
fracture callus samples; however, this difference did not reach statistical significance in the external bulk cohort 
(Figure S1). Thus, the external analysis showed a directionally concordant trend with our single-cell abundance results. 

3.2. Elevated Macrophage-to-Fibroblast Crosstalk via the TGF-β Signaling Axis May Define the Nonunion Niche 

To investigate the systemic remodeling of intercellular communication that sustains the pathological 
nonunion environment, we performed integrated signaling analysis using CellChat to infer global and cell-type-
specific interaction networks. Comparison of the global signaling architecture between control and nonunion 
groups revealed an extensive reorganization of the communication landscape (Figure 3A). Differential interaction 
analysis demonstrated that among the significantly expanded cell populations, macrophages exhibited the most 
substantial increase in outgoing signal strength (senders), whereas fibroblasts emerged as the primary receivers of 
these upregulated signals (Figure 3B). To pinpoint the specific molecular drivers of this macrophage-to-fibroblast 
signaling, we utilized NicheNet to prioritize ligand-receptor pairs based on their potential to induce disease-
associated transcriptomic changes. TGFB1 was identified as the top-ranked candidate ligand originating from 
macrophages, demonstrating high ligand activity and strong interaction potential with receptors expressed on 
fibroblasts (Figure 3D). 

Consistent with this, CellChat differential signaling analysis confirmed a significant increase in the 
communication probability for the TGFB1–(TGFBR1+TGFBR2) pair in the nonunion group (Figure 3C). Beyond 
the TGF-β axis, we also observed significantly increased signaling in nonunion for other pro-fibrotic and 
inflammatory pairs (Figure 3C), including SPP1–CD44, FN1–integrins, and TNFSF12–TNFRSF12A, and related 
pairs. Pathway-restricted visualization of the TGF-β signaling network within the macrophage-fibroblast-
chondrocyte triad revealed that the signaling flux is predominantly directed from macrophages toward fibroblasts, 
with negligible interaction observed toward chondrocytes (Figure 3E). 

To examine whether the predicted axis was reflected at the transcript level, we compared the expression of 
key components using a two-sided Wilcoxon rank-sum test. In the nonunion microenvironment, macrophages 
expressed significantly higher levels of the ligand TGFB1 compared to fibroblasts, while fibroblasts exhibited 
markedly higher expressions of the receptors TGFBR1 and TGFBR2 (Figure 3F). Collectively, these observations 
are consistent with a disease-enhanced macrophage-to-fibroblast TGF-β signaling axis. 

3.3. Multidimensional Characterization Reveals Metabolic and Phenotypic Shifts in Nonunion Fibroblasts 

To delineate functional programs that accompany fibroblast expansion and activation in nonunion, we 
profiled cell-type and condition-specific metabolic states and fibroblast phenotypic polarization at single-cell 
resolution. We inferred metabolic fluxes using scFEA, reconstructed metabolite-mediated intercellular 
communication using MEBOCOST, and quantified fibroblast senescence (hUSI), cell-cycle distribution, and 
pathway activity scores. scFEA revealed condition-dependent metabolic reprogramming in both fibroblasts and 
macrophages, including increased flux through glutathione-associated and TCA-linked modules in nonunion 
fibroblasts (Figure 4A). Consistent with a communication-relevant metabolic shift, MEBOCOST identified 
strengthened macrophage-to-fibroblast metabolite signaling in nonunion, with predominantly increased 
metabolite–sensor edges, exemplified by L-glutamine–SLC38A2, choline–SLC44A1, and riboflavin–SLC52A2 
interactions (Figure 4B). 
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Figure 3. Cell–cell communication remodeling in nonunion. (A) CellChat-inferred global intercellular 
communication networks shown separately for Control (left) and nonunion (right), with edge weights reflecting the 
number of inferred interactions between sender and receiver cell types. (B) Heatmap summarizing the differential 
number of inferred interactions between cell types (senders vs. receivers), highlighting communication changes 
involving the three cell populations expanded in nonunion (macrophages, fibroblasts, and chondrocytes).  
(C) CellChat differential signaling analysis identifying ligand–receptor interactions increased in nonunion (bubble 
color indicates communication probability; dot size indicates significance threshold as displayed), including 
macrophage-to-fibroblast interactions such as TGFB1–(TGFBR1+TGFBR2) and additional ECM/adhesion- and 
cytokine-related pairs. (D) NicheNet ligand–receptor prioritization for macrophage-to-fibroblast communication in 
nonunion versus Control, integrating ligand activity (area under the precision–recall curve) with prior interaction 
potential to rank candidate macrophage ligands and fibroblast-expressed receptors. (E) CellChat network 
visualization of the TGF-β signaling pathway in nonunion restricted to macrophages, fibroblasts, and chondrocytes. 
(F) Bar plots comparing mRNA expression of TGFB1, TGFBR1, and TGFBR2 between macrophages and 
fibroblasts. p values were calculated using a two-sided Wilcoxon rank-sum test. 

We next mapped fibroblast state changes and observed heterogeneous hUSI signals across the embedding 
(Figure 4C), accompanied by a marked increase in the proportion of hUSI-classified senescent fibroblasts in 
nonunion compared with control (p < 0.001) (Figure 4D). Cell-cycle profiling further demonstrated a redistribution 
characterized by reduced G1 and increased G2M fractions in nonunion fibroblasts (p < 0.001) (Figure 4E), 
indicating altered cell-cycle state distribution in nonunion fibroblasts, with relative enrichment of the G2M-
associated fraction rather than definitive evidence of productive proliferation. 
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Figure 4. Metabolic reprogramming and accelerated senescence in fibroblasts characterize the nonunion 
microenvironment. (A) scFEA-based metabolic flux inference highlighting the top-ranked, group-specific 
differential metabolic reactions/flux modules (i.e., features showing the largest between-group differences as ranked 
in the analysis), visualized to compare metabolic activity patterns across the indicated groups. (B) MEBOCOST-based 
metabolic communication network illustrating signaling from macrophages (senders) to fibroblasts (receivers) 
through specific metabolites (e.g., L-Glutamine, Choline) and their corresponding sensors (e.g., SLC38A2, 
SLC44A1). Node size represents the number of connections; edge color indicates Log2Fold Change (Log2FC).  
(C) UMAP projection of the fibroblast population colored by the human Universal Senescence Index (hUSI) score, 
reflecting individual cell senescence levels. (D) Bar plot showing the proportion of senescent vs. non-senescent 
fibroblasts in Control and Nonunion groups classified by the hUSI algorithm. (E) Stacked bar plot comparing the 
distribution of fibroblast cell cycle phases (G1, S, and G2M) between groups. (F) Ridge plots comparing functional 
pathway scores (Migration, Mechanical, Fibrosis, Myofib, and Myogenesis) between control and Nonunion 
fibroblasts by “AddModuleScore”. 

Finally, pathway scoring revealed elevated migration-, mechanical signaling–, myogenesis-, fibrosis-, and 
myofibroblast differentiation–associated programs in nonunion fibroblasts (all p < 0.001) (Figure 4F). AUCell-
based analysis showed an overall concordant nonunion-versus-control pattern across these phenotype signatures, 
with clearer separation for mechanical signaling, myogenesis, fibrosis, and myofibroblast differentiation, and a 
more modest difference for cell migration (Figure S2). Together, these analyses indicate that nonunion fibroblasts 
adopt a senescence-enriched, metabolically reprogrammed, and functionally pro-fibrotic state, while macrophage-
to-fibroblast metabolite signaling is concurrently intensified, providing an orthogonal metabolite-level layer that 
supports disease-associated remodeling of intercellular communication. 

3.4. Subtype-Resolved Analysis Identifies a Recurrent Fib1-Like Fibroblast State Associated with Pro-Fibrotic 
Signaling in Nonunion 

To resolve the functional heterogeneity within the expanded intramedullary populations, we performed high-
resolution sub-clustering, which delineated four fibroblast (Fib1–fib4) and three macrophage (mac1–mac3) 
transcriptional states (Figure 5A,B). Differential expression analysis identified highly distinct molecular signatures 
for each sub-population. Specifically, Fib1 was labeled by a suite of pro-fibrotic and stress-response markers, 
including SERPINE1, PHLDA2, and TIMP1, whereas fib2 and fib4 expressed genes related to vascular 
homeostasis such as CTSH and SNCG (Figure 5C). Within the myeloid compartment, mac2 emer   ged as a 
disease-relevant cluster characterized by the expression of INHBA and CCL7 (Figure 5C). 
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Figure 5. Identification of fibroblast and macrophage subpopulations and their intercellular signaling dynamics. 
(A,B) UMAP visualization of (A) fibroblast subtypes (Fib1–fib4) and (B) macrophage subtypes (mac1–mac3) 
identified by sub-clustering of the single-cell transcriptomic data. (C) Volcano plots displaying subtype-specific 
differentially expressed genes (DEGs) for each identified cluster. The top five significantly upregulated genes for 
each subtype are highlighted. The x-axis represents average log2FC and the y-axis represents −log10(adj. p-value). 
(D,E) Dot plots illustrating Gene Ontology (GO) enrichment terms for fibroblast (D) and macrophage (E) subtypes. 
The color intensity and dot size represent the significance level. (F) Intercellular communication networks (circle 
plots) for the TGF-β signaling pathway, comparing interaction strengths between Healthy (Control) and Nonunion 
groups. (G) Heatmaps identifying the importance of signaling roles (Sender, Receiver, Mediator, and Influencer) 
for five representative pathways: TGF-β, FGF, LAMININ, PDGF, and ANGPTL. The relative contribution of each 
cell subtype (Fib1–4 and mac1–3) is compared between Control and Nonunion conditions. 

Functional interpretation via GO and KEGG enrichment analysis revealed profound specialization across 
these subtypes. Fib1 was uniquely enriched for pathways essential to fibrosis progression, including “extracellular 
matrix organization”, “positive regulation of fibroblast migration”, and “integrin binding”. In contrast, fib4 showed 
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metabolic specialization in “unsaturated fatty acid metabolic processes”, suggesting these subtypes perform supportive 
rather than primary pathological roles. Among macrophages, mac2 displayed a hyper-active profile enriched in 
“leukocyte chemotaxis”, “positive regulation of cytokine production”, and notably, “cellular response to hypoxia”. This 
suggests that mac2 acts as the primary inflammatory engine within the hypoxic nonunion microenvironment. 

To bridge these subtype identities with intercellular communication, we mapped signaling roles across 
condition-specific networks. Circle plots of the TGF-β signaling pathway demonstrated that in the nonunion group, 
signaling density markedly increased, with flux primarily directed from all macrophage subtypes—particularly the 
mac1 and mac2—toward Fib1. Further quantification of signaling importance (Sender, Receiver, Mediator, and 
Influencer) suggested this pattern across FGF, LAMININ, PDGF, and ANGPTL pathways. In the nonunion state, 
Fib1 consistently exhibited increased “Receiver” and “Influencer” importance scores compared with the control 
group, whereas mac1 and mac2 retained dominant “Sender” roles, especially in TGF-β signaling. To directly 
address whether macrophage-derived signals preferentially target Fib1 at the subtype level, we specifically 
extracted macrophage-subtype-to-Fib1 interactions from the subtype-resolved CellChat analysis. This direct comparison 
showed increased signaling from macrophage subtypes to Fib1 in nonunion relative to control (Figure S3A), with 
TGF-β emerging as a representative contributing pathway (Figure S3B). Collectively, these analyses support a 
subtype-resolved macrophage-to-Fib1 signaling bias in nonunion, with Fib1 behaving as a preferential recipient 
state rather than establishing direct causal proof of Fib1 state induction. 

To assess whether this Fib1-associated program was robust to analytical perturbation rather than being tied 
to a single clustering configuration, we performed complementary reproducibility analyses within the nonunion 
fibroblast compartment (Figure S4). Donor-level analysis showed that the Fib1 program was detectable across 
nonunion donors, although its magnitude varied between specimens (Figure S4A). Across alternative clustering 
resolutions and dimensional settings, the best-matching recovered cluster retained substantial similarity to the 
original Fib1 reference program, supporting robustness to reasonable parameter changes (Figure S4B). Leave-one-
donor-out analysis further showed that a Fib1-like state remained recoverable after sequential exclusion of each 
nonunion donor, arguing against the possibility that the signal was driven solely by a single donor (Figure S4C). 
Together, these analyses support interpretation of Fib1 as a recurrent disease-enriched fibroblast state/program 
rather than a dataset-specific clustering artifact. 

3.5. Integrated Regulon-Target Analysis Identifies a Potential Core TF-Driven Signature Governing the Fib1 
Pathological Program 

To elucidate the transcriptional control architecture of the disease-associated Fib1 subtype, we integrated 
subtype-resolved marker profiling, regulon prioritization, and downstream target perturbation. Differential 
expression analysis first confirmed that the Fib1 subtype possesses a highly specific transcriptomic signature 
(Figure 6A). To align subtype specificity with disease relevance, we utilized a quadrant plot correlating Fib1 
specificity (Fib1 vs. others) with disease-associated differential expression (Nonunion vs. control), identifying a 
cohort of genes that are both highly specific to Fib1 and significantly upregulated in nonunion (Figure 6B). 

We next sought to identify the upstream master regulators of this program using pySCENIC. Ranking 
transcription factor (TF) regulons by Regulon Specificity Score (RSS) identified distinct regulatory landscapes for 
both the total fibroblast pool and the Fib1 subtype (Figure 6C). The intersection of the top-ranked regulons from 
both analyses yielded 13 core master regulons, including SOX9(+), PRRX2(+), TBX15(+), RARG(+), EGR1(+), 
and SMAD5(+) among representative regulators (Figure 6D). To pinpoint the most critical effectors within the 
Fib1 program, we constructed a TF-target network based on these 13 master regulons. By marking targets within 
the network that were also identified in our quadrant analysis as both Fib1-specific and nonunion-upregulated, we 
successfully discovered five key target genes: F3, THBS1, SERPINE1, ACTA2, and NTM (Figure 6E). The 
composite signature density of these five key targets was uniquely concentrated within the Fib1 territory in UMAP 
space, further validating their role as a robust molecular signature for this pathological subtype (Figure 6F). 

Finally, we performed in silico perturbation using scTenifoldKnk (mRNA level) and scTranslator (protein 
level) to simulate the knockout (KO) of these five key targets (Figure 6G). Virtual perturbation of this signature 
led to a profound downregulation of a network of genes critical to nonunion pathology (Figure 6G). GO enrichment 
analysis of the significantly downregulated features revealed a primary concentration in pathways related to 
“extracellular matrix organization”, “skeletal system development”, and “collagen trimer” (Figure 6H). 
Collectively, these results support a putative regulatory hierarchy in which 13 core transcription factors may 
converge on a 5-gene effector signature associated with the fibrotic microenvironment in nonunion. 
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Figure 6. Identification and validation of the master regulatory network driving the Fib1 subtype in nonunion.  
(A) Heatmap showing the relative expression of top Fib1 marker genes across the four identified fibroblast subtypes 
(Fib1–fib4), demonstrating high subtype specificity for Fib1. (B) Quadrant plot correlating disease-associated 
differential expression (log2FC Nonunion vs. Control) with cluster specificity (log2FC Fib1 vs. others). Red dots 
highlight key genes simultaneously upregulated in nonunion and specific to the Fib1 subtype (e.g., THBS1, 
SERPINE1, ACTA2, NTM, and F3). (C) Rank plots of Regulon Specificity Scores (RSS) for TFs in all fibroblasts 
(left) and the Fib1 subtype (right), identifying top candidate master regulators. (D) Venn diagram illustrating the 
intersection of the top regulons from all fibroblasts and the Fib1 subtype, with the 13 common master regulons 
(including SOX9, PRRX2, and EGR1) listed (E) Transcription factor-target gene network based on pySCENIC 
analysis. Green nodes represent TFs; red nodes indicate the 5 key targets upregulated in nonunion and Fib1-specific; 
dark blue nodes represent other Fib1-specific markers; and orange nodes represent genes upregulated in nonunion. 
(F) UMAP plot displaying the density score of the 5-key target signature (F3, THBS1, SERPINE1, ACTA2, NTM) 
across the fibroblast landscape. (G) Workflow for the in silico knockout (KO) of the five key targets using 
scTenifoldKnk (mRNA level) and scTranslator (protein level). The resulting word cloud displays downstream 
genes affected by the virtual KOs, where font size represents the frequency of significant downregulation across 
the five KO simulations. (H) Gene Ontology (GO) enrichment analysis (Biological Process, Cellular Component, 
and Molecular Function) of the genes significantly downregulated following in silico knockout of the key targets. 

3.6. Exploratory Computational Prioritization Highlights Compounds Associated with the Fib1-Linked 
Profibrotic Program 

To explore whether clinically used compounds might be computationally prioritized in relation to the Fib1-
linked profibrotic signature (ACTA2, F3, NTM, SERPINE1, and THBS1), we implemented an exploration in 
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silico prioritization workflow across the selected Fib1-associated protein set (Figure 7A). We initially screened a 
library of FDA-approved small molecules from the DrugBank database using NHGNN-DTA, which was fine-
tuned with ChEMBL-derived drug-target affinity data and UniProt structural resources (Figure 7A). This initial 
phase prioritized the top 20 candidate drugs based on aggregated predicted multi-target scores. To further refine 
the prioritization of the top 20 candidates, we used Boltz2-derived structural/model outputs to evaluate these 
compounds (Figure 7B). Using the Boltz2-derived model score as an internal exploratory ranking metric, we found 
that while most molecules exhibited heterogeneous target-wise performance, seven drugs exceeded the 
prespecified inclusion threshold of model score > 0.7 across all five targets (Figure 7B). 

 

Figure 7. Exploratory computational prioritization and cross-disease scoring of FDA-approved small molecules 
associated with the Fib1-linked fibrotic signature. (A) Schematic workflow of the exploration in silico prioritization 
process, integrating data from ChEMBL (for drug-target affinity resources), UniProt (for protein structures), and 
DrugBank (for FDA-approved small-molecule metadata). The pipeline uses NHGNN-DTA for initial screening of 
the top 20 candidates, followed by further evaluation using Boltz2-derived structural/model outputs. (B) Ranking 
of the top 20 drug candidates based on Boltz2-derived model scores across five selected Fib1-associated proteins 
(ACTA2, F3, NTM, SERPINE1, and THBS1). The dashed red line indicates the prespecified model cutoff of 0.7 
used as an internal exploratory retention criterion; seven compounds exceeded this threshold across all five targets, 
of which four (DB00284, DB00828, DB00919, and DB08818) were retained after feasibility-based filtering.  
(C) Radar plots and chemical structures of the four retained compounds (Acarbose, Fosfomycin, Spectinomycin, 
and Hyaluronic acid), illustrating their relative model-derived scores across the five selected proteins. The colored 
layers represent Boltz2 confidence scores and model scores. (D) Cross-disease exploratory scoring of the retained 
compounds. The human schematic (left) highlights organs with documented fibrotic pathologies; the corresponding 
dot plot (right) displays the relative Boltz2-derived model scores of the four selected compounds against established 
fibrosis-related markers (e.g., GREM1, IL11, CTHRC1) derived from external single-cell datasets. 
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Based on clinical feasibility considerations, we retained four compounds for further exploratory evaluation: 
Acarbose (DB00284), Fosfomycin (DB00828), Spectinomycin (DB00919), and Hyaluronic acid (DB08818) 
(Figure 7B). Radar plots and structural analyses showed that these four molecules had comparatively strong model-
derived scores and high confidence scores across the entire Fib1-specific protein set (Figure 7C). The predicted 
complexes and interface visualizations are visualized in Figure S5. Finally, we evaluated the broader relevance of 
the prioritized compounds against established fibrotic markers derived from external single-cell studies covering 
diverse organ systems (Figure 7D). All four compounds showed comparatively high model-derived scores across a 
broad panel of fibrosis-related markers, including GREM1, IL11, CTHRC1, CCN2, and THY1 (Figure 7D). 
Collectively, these results yielded a prioritized set of exploratory compounds associated with the Fib1-linked fibrotic 
signature, providing a preliminary basis for future validation in bone nonunion and other fibroproliferative conditions. 

4. Discussion 

Our single-cell re-analysis suggests that the intramedullary microenvironment of bone nonunion is not merely 
characterized by failed regeneration, but also by an expanded fibroinflammatory program involving macrophages 
and fibroblasts. We identify expanded macrophage and fibroblast compartments that are skewed toward a 
pathological executor state. In this framework, macrophages provide the dominant profibrotic input, while a discrete 
fibroblast subpopulation (Fib1) concentrates the downstream response and shapes the nonunion tissue outcome. This 
conceptual shift maps a potential cellular trajectory of repair derailment and highlights an “immune-fibrotic lock” as 
a tractable hypothesis for future validation. This framework complements rather than replaces previous human 
transcriptomic studies of nonunion, with La Manna et al. emphasizing osteoprogenitor-associated dysregulation 
and Salichos et al. describing bulk tissue-level remodeling, whereas our analysis resolves intramedullary cellular 
heterogeneity and predicted macrophage-to-fibroblast communication. In an external reference-guided 
deconvolution of the published bulk cohort, we observed a numerically higher inferred fibroblast fraction in 
nonunion, although this trend did not reach statistical significance. 

Building on this model, our results indicate that the nonunion niche reflects a failure to terminate and 
contextually resolve TGF-β signaling [43]. In physiological fracture repair, TGF-β activity is tightly time- and 
context-dependent, coordinating early mesenchymal responses and callus formation [44]. In contrast, our 
communication analysis points to an asymmetric signaling configuration in nonunion. Macrophages contribute 
enriched TGFB1 signaling, while fibroblasts display elevated expression of TGFBR1 and TGFBR2, consistent 
with heightened receptor sensitivity. Within the fibroblast pool, Fib1 most clearly aligns with a receiver–executor 
state, linking the upstream axis to downstream pathology. This receptor-level bias parallels chronic fibrotic 
conditions in other tissues, where differential receptor expression can amplify TGF-β signaling and favor 
maladaptive remodeling [45]. Importantly, unfavorable biological characteristics such as a senescent callus niche 
can convert increased TGF-β1 activity from supportive to inhibitory for healing [46]. Consistent with this 
paradigm, the TGF-β axis in our dataset is accompanied by a Fib1-centered myofibroblast-like program marked 
by prominent markers, such as ACTA2, SERPINE1, and THBS1 expression. Together with the subtype-resolved 
supplementary communication analysis, these features are consistent with a model in which macrophage-
associated TGF-β signaling preferentially converges on Fib1 in nonunion and may contribute to excessive matrix 
deposition and impaired bridging, rather than providing direct causal proof that macrophage inputs induce Fib1 
state emergence. This interpretation is also compatible with independent single-cell evidence describing fibroblast 
populations with high fibrogenic potential that impede callus union [47]. These observations prompted us to 
examine how Fib1 may sustain a high output profibrotic state once established in the nonunion microenvironment. 
To improve the biological interpretability of fibroblast phenotyping, we selected these phenotype axes to capture 
complementary dimensions of failed repair rather than to provide a generic module-scoring description. Migration- 
and myogenesis-related signatures were included to reflect mesenchymal recruitment/plasticity relevant to fracture 
repair [48,49], whereas mechanical signaling, fibrosis, and myofibroblast differentiation were prioritized because 
persistent matrix sensing, contractile activation, and fibrotic tissue deposition are central features of maladaptive 
healing and non-mineralizing scar formation [50–53]. Senescence and cell-cycle state were evaluated together 
because impaired fracture healing has been linked to senescent stromal/callus cells and to dysregulated cell-state 
transitions rather than simply productive proliferation [43,54]. In this context, the stronger disease separation 
observed for fibrosis-, mechanotransduction-, myofibroblast-, and senescence-related programs suggest that 
nonunion fibroblasts are defined primarily by pathological matrix execution and stress-associated remodeling, 
whereas migration-related differences appear more modest. 

Rather than hinging on a single upstream regulator, our regulon-level analysis supports a convergent 
architecture in which multiple transcriptional programs funnel into a compact, actionable effector module. 
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Notably, developmental regulators that classically govern skeletal lineages can be repurposed in chronic disease 
to drive fibrosis across various organs, such as the SOX9- and PRRX-family programs [55,56]. While these TFs 
represent the “master switches” of the fibrotic identity, they are often considered high-risk therapeutic targets due 
to their systemic pleiotropy and the lack of traditional small-molecule binding pockets [57]. Directly perturbing 
such TFs poses a significant risk of off-target toxicity, as they fulfill critical homeostatic roles in non-target tissues [58]. 
Consequently, our strategy prioritizes the shared downstream executors (F3, THBS1, SERPINE1, ACTA2, and 
NTM) which operationalize the pathological phenotype and offer a more specific, druggable therapeutic window. 
In silico perturbation confirms that silencing this module broadly suppresses “collagen trimer” outputs without the 
systemic risks associated with upstream control nodes. Mechanistically, several members of this module act as 
profibrotic amplifiers: THBS1 reinforces TGF-β signaling by activating its latent forms, while ACTA2 enables 
the mechanical execution of matrix contraction [59,60]. Furthermore, SERPINE1 (PAI-1) likely acts as a master 
suppressor of matrix turnover, contributing to “failed regeneration” rather than transient repair [61]. This effector 
state is further stabilized by the extracellular context; for instance, hyaluronan-rich matrices—a feature targeted 
by our subsequent drug screening—are known to orchestrate the maintenance of the myofibroblast phenotype by 
modulating receptor organization [62]. Importantly, this effector machinery is embedded within a permissive 
metabolic and stress-adapted “soil”. In our dataset, nonunion fibroblasts display distinct metabolic remodeling, 
characterized by intensified macrophage-to-fibroblast glutamine signaling via the SLC38A2 axis and an expanded 
senescent fraction. Such features align with broader paradigms where senescent stromal cells adopt a secretory 
phenotype that fuels chronic inflammation, while metabolic rewiring provides the biosynthetic capacity and redox 
buffering required for persistent ECM synthesis [63,64]. Direct evidence suggests that glutamine metabolism is 
functionally required for fibrotic execution, as its inhibition can attenuate myofibroblast differentiation [65]. 
Collectively, these lines of evidence support a reinforcing coupling in nonunion: a compact effector hub 
implements the fibrotic output, while an ECM- and metabolism-shaped microenvironment sustains the “immune-
fibrotic lock”. This framing defines a concrete Fib1 molecular phenotype, providing a clear rationale for the 
targeted translational strategy. 

Guided by this framework, our exploratory therapeutic prioritization focused on Fib1 state modulation rather 
than broad immune manipulation. While macrophages initiate the inflammatory cue, recent bidirectional CRISPR 
screening supports the view that the transition to persistent fibrosis is ultimately governed by intrinsic regulatory 
circuits within the fibroblast itself [42]. In bone, this distinction is not merely mechanistic but a strategic necessity 
for therapeutic design. The initial “inflammatory burst” from macrophages is mandatory for bone repair, as these 
cells are essential for osteoblast recruitment and early callus mineralization; broad myeloid suppression could 
inadvertently derail the early regenerative window [66]. In contrast, the Fib1 effector module may represent a 
downstream bottleneck in nonunion. Modulating this fibroblast-intrinsic program may help alleviate the 
established collagenous barrier while preserving macrophage functions required for physiological repair. 
Accordingly, we explored a small-molecule repurposing framework with an emphasis on locally deliverable 
compounds, given their favorable stability, low immunogenicity, scalable manufacturing, and compatibility with 
depot-based delivery concepts [67,68]. Within this constrained and practically relevant space, we retained four 
compounds (Acarbose, Fosfomycin, Spectinomycin, and Hyaluronic acid) as exploratory priorities based on their 
computational ranking and feasibility for future repurposing-oriented evaluation. Acarbose has documented anti-
inflammatory activity in human monocyte/macrophage systems and has also been reported to attenuate fibrosis-
associated readouts in vivo, providing a plausible context for future evaluation in fibroinflammatory settings [69,70]. 
Fosfomycin was retained not only because of its antimicrobial relevance to complex orthopaedic settings, but also 
because it has reported immunomodulatory effects and achieves measurable concentrations in bone and infected 
soft tissues [71,72]. Spectinomycin was retained as a repurposing-compatible aminocyclitol antibiotic with a well-
characterized clinical profile, although its relevance here should be regarded as exploratory and will require 
dedicated biological validation [73]. Finally, hyaluronic acid was retained as a clinically established 
musculoskeletal agent and ECM modulator; importantly, high–molecular weight hyaluronan has been reported to 
attenuate fibrotic scarring in injury settings, providing cross-context support for future matrix-normalizing 
evaluation [74]. Equally important, our exploratory screening logic incorporated a clinical safety exclusion filter. 
We explicitly deprioritized osmotic laxatives such as lactulose (and the related agent lactitol) because they are 
designed to increase intraluminal osmotic pressure and can create a local hypertonic milieu [75]. Hyperosmotic 
stress is not immunologically inert; macrophages can sense hypertonicity and activate inflammasome-linked 
inflammatory programs, raising a mechanistic concern that local exposure could aggravate tissue injury rather than 
resolve it [76]. Together, this framework provides a mechanistically grounded rationale for future fibroblast-
centered repurposing studies. Importantly, this compound-prioritization component should be interpreted as 
hypothesis-generating only, because the selected Fib1-associated proteins are not uniformly conventional small-



Chen et al.   Regen. Med. Dent. 2026, 3(2), 7 

https://doi.org/10.53941/rmd.2026.100007  15 of 19  

molecule targets and no orthogonal biochemical, cellular target-engagement, or in vivo validation was performed 
in the present study. 

Our study has several limitations: First, our conclusions are derived from re-mining a single published human 
intramedullary scRNA-seq cohort (femoral nonunion), with modest sample size and restricted anatomical scope; 
thus, the prevalence and portability of the Fib1 executor state across diverse long bones, fixation contexts, and 
infection-associated nonunions remain to be tested in larger, prospective collections. In addition, the relatively 
modest endothelial transcriptional changes observed here should not be interpreted as evidence against vascular 
involvement in nonunion. In atrophic nonunion, vascular impairment may be spatial, structural, or perfusion-
related rather than necessarily reflected by large endothelial transcriptomic shifts, and these features may be 
incompletely captured by dissociated single-cell profiling of a small intramedullary cohort. Moreover, the apparent 
abundance of endothelial cells and their inferred interactions can be influenced by donor-level heterogeneity, tissue 
sampling, and dissociation-related compositional bias. Second, multiple key layers in this work, including ligand–
receptor communication, metabolite-mediated coupling, and senescence quantification, are computational 
inferences from transcriptomes and should be validated with orthogonal evidence (e.g., spatially resolved mapping 
of Fib1 and its effector module, proteomic confirmation of pathway activation, and functional assays of matrix 
production). Third, our virtual perturbation and drug nomination pipeline provides a principled prioritization rather 
than causal proof: regulon inference and in silico knockouts approximate network controllability, and affinity 
predictions do not substitute for biochemical binding or efficacy in relevant bone-healing models. Moving forward, 
the most direct translational path is a staged validation program that (i) confirms Fib1 localization and persistence 
within the collagenous barrier, (ii) tests whether suppressing the five-gene effector module restores pro-
regenerative signaling and matrix turnover ex vivo and in vivo, and (iii) evaluates locally deliverable candidate 
compounds in preclinical nonunion models with clinically realistic exposure and safety constraints. If successful, 
this framework would convert a historically descriptive view of nonunion into a targetable, fibroblast-centered 
disease state, enabling precision pharmacologic strategies designed to dismantle the established fibrotic blockade 
while preserving immune programs required for physiological repair. 
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