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Abstract

Wound healing is a highly orchestrated, multiphase process that involves various cell types and molecular pathways. Recent advances in single-
cell transcriptomics and machine learning have provided unprecedented insights into the complexity of this process, enabling the identification
of novel cellular subpopulations and molecular mechanisms underlying tissue repair. In particular, single-cell RNA sequencing (scRNA-seq)
has revealed significant cellular heterogeneity, especially within fibroblast populations, and has provided valuable information on immune cell
dynamics during healing. Machine learning algorithms have enhanced data analysis by improving cell clustering, dimensionality reduction, and
trajectory inference, leading to a better understanding of wound healing at the single-cell level. This review synthesizes the latest findings on the
application of scRNA-seq and machine learning in wound healing research, with a focus on fibroblast diversity, immune responses, and spatial
organization of cells. The integration of these technologies has the potential to revolutionize therapeutic strategies for chronic wounds, fibrosis,
and tissue regeneration, offering new opportunities for precision medicine. By combining computational approaches with biological insights, this
review highlights the transformative impact of scRNA-seq and machine learning on wound healing research.

Keywords: Deep learning; Single-cell; Machine learning; Fibroblast diversity; Trajectory inference; Cellular plasticity; Immune cell dynamics

Highlights

• Machine learning algorithms, particularly deep learning, have significantly enhanced the analysis of scRNA-seq data in wound healing research, improving
critical tasks such as dimensionality reduction, cell clustering, and trajectory inference.

• Single-cell analyses have revealed remarkable fibroblast heterogeneity, identifying distinct subpopulations involved in scar formation and regenerative
healing.

• Integration of scRNA-seq with machine learning has provided insights into immune cell function, elucidating the roles of macrophages and other immune
cells in orchestrating both inflammatory responses and tissue repair during wound healing.

Background

Wound healing is an essential biological process that restores
tissue integrity and function following injury. It involves a
tightly regulated sequence of overlapping phases: clot forma-
tion, inflammation, tissue formation, and tissue remodeling
[1]. Each phase is characterized by the activation of specific
cell types and signaling pathways. For example, hemosta-
sis is initiated immediately after injury by platelets, which
release growth factors to recruit immune cells and initiate
the coagulation cascade [2]. This is followed by an inflam-
matory phase, where neutrophils and macrophages play a

critical role in clearing debris and pathogens while secret-
ing cytokines that promote tissue repair [3]. The tissue for-
mation phase involves re-epithelialization, angiogenesis, and
fibroblast-mediated extracellular matrix (ECM) deposition,
which collectively lead to the restoration of tissue architecture
[4]. Finally, during the remodeling phase, collagen and other
matrix components undergo reorganization to enhance tissue
strength and functionality.

Despite decades of research, chronic wounds such as
diabetic foot ulcers and hypertrophic scars remain sig-
nificant clinical challenges. These wounds often fail to
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progress through the normal healing phases, resulting in
poor outcomes, including excessive scarring or impaired
tissue regeneration. Traditional wound care therapies, while
effective in some cases, have limited efficacy in addressing
the underlying biological complexities that contribute to
chronic wound pathophysiology. Therefore, understanding
the cellular and molecular mechanisms that drive wound
healing, and identifying the factors that disrupt this process
in chronic wounds, is critical for developing more effective
therapies [5].

Recent advances in single-cell technologies, particularly
single-cell RNA sequencing (scRNA-seq), have revolutionized
our understanding of wound healing by providing detailed
insights into cellular heterogeneity and dynamic gene expres-
sion changes. scRNA-seq allows researchers to profile the
transcriptomes of individual cells, enabling the identification
of distinct cell populations and the discovery of novel cell
types involved in wound healing [6]. For instance, fibroblasts,
traditionally viewed as a homogeneous population of cells
involved in ECM deposition, have been shown to comprise
multiple subtypes with distinct roles in healing, including scar
formation and tissue regeneration [7]. This level of detail has
opened new avenues for exploring cellular plasticity and the
interactions between different cell types during wound repair.

As part of the foundational analysis principle in scRNA-
seq data analysis, machine learning, particularly deep learning
techniques, has been instrumental in handling the large-scale
and high-dimensional nature of single-cell datasets. Machine
learning algorithms such as autoencoders, variational autoen-
coders (VAE), and graph-based models have been applied to
scRNA-seq data to enhance processes such as dimensionality
reduction, dropout imputation, and batch effect correction
[8]. These techniques allow researchers to extract meaningful,
low-dimensional representations of scRNA-seq data, enabling
better visualization and interpretation of the cellular land-
scape in wound healing. Machine learning also plays a pivotal
role in cell clustering and trajectory inference, which are
critical for understanding the dynamic progression of cell
states during wound healing. For example, algorithms such as
Deep Embedding for Single-cell Clustering (DESC) [9] inte-
grate batch correction with clustering, offering more accurate
identification of cell types and subpopulations. In addition,
trajectory inference methods like Monocle and Variational
Inference for Trajectory by Autoencoder (VITAE) provide
insights into the developmental pathways that cells undergo
during healing, helping to map the transitions between cell
states such as fibroblast-to-myofibroblast differentiation [10,
11]. These insights have significant implications for under-
standing how certain cells contribute to pathological out-
comes, such as excessive scarring or impaired regeneration,
in wounds.

This review aims to summarize the recent advances in the
application of scRNA-seq and machine learning to wound
healing research. We focus on three key areas: (1) the diversity
and plasticity of the skin cell population involved in wound
healing, (2) the key roles of fibroblast cells and immune
cells in driving inflammation and tissue repair, and (3) the
spatial organization and interaction of cell populations within
the wound microenvironment. This review highlights how
scRNA-seq and machine learning can provide new insights
into the molecular mechanisms of wound healing, with the
potential to inform the development of novel therapeutic
strategies for chronic wounds and fibrosis. Through these
efforts, we aim to underscore the transformative potential of

these tools in advancing precision medicine and regenerative
therapies for wound healing.

Review

Cellular and molecular mechanisms of wound
healing

Wound healing is a complex, multifaceted process that orches-
trates the coordinated actions of diverse tissues and cell lin-
eages. This intricate biological response aims to restore tissue
integrity and function following injury, progressing through
overlapping phases of clot formation, inflammation, new
tissue formation, and remodeling [1, 12]. Recent advances in
molecular biology, high-resolution imaging, and multi-omics
approaches have significantly enhanced our understanding of
this process, revealing new insights into the roles of various
cell types and signaling pathways [5].

Temporal dynamics and molecular mechanisms of

wound healing

The wound healing cascade is initiated by rapid hemostasis,
where platelets adhere to exposed collagen and release a
plethora of growth factors and cytokines. This triggers the
coagulation cascade, culminating in the formation of a fibrin-
rich clot [2]. The intrinsic pathway, activated when factor XII
binds to negatively charged surfaces like collagen, plays a key
role in this process [2]. Platelet degranulation releases crucial
mediators such as transforming growth factor-β (TGFβ),
platelet-derived growth factor (PDGF), stromal cell-derived
factor 1 (SDF1), vascular endothelial growth factor (VEGF),
and endostatin [13]. Intriguingly, while platelets are important
contributors, they are not absolutely essential for repair, high-
lighting the redundancy built into this vital process [14]. The
inflammatory phase is characterized by the sequential influx
of neutrophils and macrophages. These cells not only clear
debris and pathogens but also secrete a range of mediators
that modulate the subsequent repair process.

Re-epithelialization, a critical component of the tissue
formation phase, involves complex changes in keratinocyte
behavior. Studies in mouse models have revealed that the
proliferative zone in the epidermis develops several hours
post-injury and persists for days, with a spatial organization
that varies depending on wound size [15–17]. The regulation
of keratinocyte proliferation involves a sophisticated interplay
of mechanical cues and growth factor signaling. For instance,
the mechanosensitive receptor PIEZO1 plays a role in sensing
reduced cell density, leading to Ca2+-dependent phosphory-
lation of extracellular signal-regulated kinase 1 (ERK1) and
ERK2, resulting in cyclin B transcription necessary for mitosis
[18]. During re-epithelialization, keratinocytes undergo signif-
icant changes in their adhesion molecule profile. They switch
off hemidesmosomal α6β4 integrins and upregulate integrins
that facilitate migration across the provisional wound matrix
[4, 19, 20]. At the same time, these cells upregulate the
production of proteases, especially matrix metalloproteinase
1 (MMP1), which likely aids in integrin–matrix adhesion by
locally reshaping the extracellular matrix [21].

Cellular heterogeneity and functional diversity in wound

repair

Recent single-cell analyses have unveiled an unprecedented
level of cellular heterogeneity in the wound environment, par-
ticularly evident in fibroblast populations. Studies in mouse
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models have revealed that fibroblasts from different dermal
layers show varying contributions to wound healing and
scarring [6, 22]. This research highlights the varying pheno-
types of distinct spatial populations, and possibly lineages,
of fibroblasts in the skin, each playing a unique role in
wound healing through different mechanisms. These insights
may help explain why adult wounds commonly result in
scarring and rarely regenerate appendages. These variations
likely stem from differences in developmental origins and
molecular characteristics. For example, in dorsal back skin,
papillary fibroblasts arise from fetal cells expressing LRIG1,
while deeper skin layers are populated by fetal cells expressing
DLK1 [6].

Recent investigations have identified new markers that help
distinguish different fibroblast subtypes based on their roles
in wound repair. One significant finding is that fibroblasts
expressing engrailed 1 (EN1) are commonly recruited to
postnatal wounds and are implicated in the formation of scars
[23]. Remarkably, suppressing EN1 activity or introducing
EN1-negative fibroblasts into wounds has been associated
with reduced scarring and more regenerative healing out-
comes [23, 24]. Another emerging area of interest is the role
of adipocytes in the wound-healing process. Research suggests
that adipocytes near the wound site may undergo substantial
phenotypic shifts, possibly dedifferentiating and contributing
to the pool of myofibroblasts [25]. It has been proposed that
these adipocytes release lipids, which may serve as signals to
attract inflammatory cells and influence their transformation
into myofibroblasts. There is also evidence suggesting that
some adipocytes may develop the ability to move and migrate
toward the wound site [26]. However, this concept remains
controversial, with conflicting evidence highlighting the need
for further research.

Immunological orchestration of wound healing

The immune system, particularly macrophages, plays a
pivotal role in coordinating the wound healing response.
Macrophages exhibit remarkable functional plasticity, transi-
tioning from pro-inflammatory to pro-resolving phenotypes
as healing progresses [27]. During the initial phase of
wound healing, macrophages predominantly exhibit a pro-
inflammatory (M1) phenotype. This phenotype is driven
by damage-associated molecular patterns and inflammatory
mediators such as IFNγ and TNF. M1 macrophages are
characterized by their cytotoxic and microbicidal functions,
as well as their production of pro-inflammatory cytokines,
including TNF, IL-1β, and IL-6 [28]. As healing progresses,
macrophages transition to an anti-inflammatory (M2)
phenotype, triggered by signals such as IL-4 and IL-13
[29]. This phenotypic switch involves significant metabolic
reprogramming, with early pro-inflammatory macrophages
relying primarily on glycolysis, while later anti-inflammatory
macrophages engage in oxidative phosphorylation [30].
The triggers for this macrophage phenotype transition are
multifaceted. Efferocytosis of apoptotic neutrophils appears
to be a key signal promoting the shift toward a pro-resolving
phenotype [31]. This process not only clears cellular debris
but also initiates the production of specialized pro-resolving
mediators, such as lipoxins, which further modulate the
inflammatory response [32].

Beyond the extensively studied of macrophages, other
immune cells play significant roles in wound healing. Mast
cells are present throughout the repair process, recruited to

injury sites by complement factors C3a and C5a produced by
coagulation factor XII [33]. The nonredundant role of these
immune cells in tissue repair remains a subject of debate.
While some studies demonstrate that mast cell deficiency
markedly impairs skin wound healing, others report only
minor effects when mast cell numbers are reduced [34, 35].
Similarly, eosinophils are abundantly present throughout all
stages of skin repair, yet their precise function has not been
conclusively established, as knockout studies directly targeting
eosinophils are lacking [36].

The γ δ T cells are abundantly present in the skin, where
they settle during early embryonic stages and are crucial for
both maintaining skin equilibrium and aiding in tissue repair
[37]. In mouse models, these dendritic epidermal γ δ T cells
rapidly alter their structure after injury, transforming from
their typical sensory dendritic form to an activated, rounded
shape within just a few hours of the wound [38]. These
cells secrete growth factors, including FGF7, FGF10, and
IGF1, which are instrumental in promoting keratinocyte pro-
liferation and facilitating re-epithelialization during wound
healing [39, 40]. Additionally, they produce FGF9, a fac-
tor that stimulates hair follicle neogenesis following injury
[41]. Although human epidermal γ δ T cells exhibit distinct
morphological and functional differences from their murine
counterparts, evidence indicates that they similarly contribute
to wound healing, primarily through the secretion of IGF1
[42]. In addition, regulatory T cells (Tregs) are present in
the unwounded skin of both humans and mice [43]. Their
suppressive functions may also modulate scarring, as studies
in mice have shown that conditional deletion of GATA3 in
Tregs leads to increased dermal fibrosis [44]. In contrast, skin-
resident memory T cells (TRM) persist in the skin long term,
primarily serving as a defense against viral infections [45].
Indeed, upon activation, TRMs condition the surrounding
tissue by secreting inflammatory proteins and regulating gene
expression, thereby creating a protective environment that
enhances resistance to reinfection.

Human skin harbors both resident and recirculating B-
cell populations [46]. While B cells are traditionally rec-
ognized for their role in infection prevention via antibody
production, emerging evidence suggests that specific B-cell
subsets also contribute to wound healing. For instance, in
mice, the absence of B1 cells leads to increased neutrophil
recruitment and neovascularization, resulting in delayed tissue
repair [47]. In a similar manner, mice lacking B cells due to
CD19 deficiency exhibit delayed wound healing, while the
overexpression of CD19 in B cells has been shown to enhance
and speed up the healing process [48].

Innate lymphoid cells (ILCs) are a subset of immune cells
that, unlike B and T cells, lack antigen-specific receptors [49].
Among these, ILC2s have been identified as key contributors
to skin wound healing. When IL-33-dependent activation of
ILC2s is disrupted after skin injury, re-epithelialization is
markedly hindered, highlighting their essential role in the
tissue repair process [50].

Machine learning in single-cell data analysis
Machine learning general principles

Machine learning, a fundamental aspect of artificial intelli-
gence, involves creating algorithms that allow computers to
learn from data and make predictions or decisions (Figure 1).
As a subset of AI, machine learning systems are designed
to enhance their performance on specific tasks by learning
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Figure 1. Hierarchical relationship between artificial intelligence (AI), machine learning (ML), and deep learning (DL). AI encompasses tasks requiring
human-like intelligence, such as computer vision and natural language processing. ML, a subset of AI, uses statistical methods like decision trees and
support vector machines to improve task performance through learning. DL, a further subset of ML, uses deep neural networks to handle complex data,
with applications in fields like computer vision and speech recognition. The timeline illustrates the evolution from AI in the 1950s to the rise of DL in the
2010s

from experience, rather than relying on explicit instructions
for every possible scenario [51]. This field encompasses sev-
eral methods, including supervised learning, where models
are trained using labeled data; unsupervised learning, which
focuses on detecting patterns within unlabeled data; and
reinforcement learning, where systems learn through feed-
back from their actions in an environment. Machine learning
algorithms range from simple decision trees to complex sup-
port vector machines, each suited to different types of prob-
lems and data structures. Deep learning, a subset of machine
learning, employs multilayered neural networks to handle
and interpret intricate patterns within large datasets, making
it particularly effective in tasks such as image and speech
recognition [52]. This progression from broad AI concepts
to specific machine learning techniques and further to deep
learning represents an evolution toward increasingly sophisti-
cated and capable systems for handling complex data analysis
and decision-making tasks, especially in fields like OMICS
research where the volume and complexity of data continue
to grow exponentially. In general, machine learning (ML)
algorithms are broadly categorized into two types, supervised
learning and unsupervised learning, based on whether the
model leverages labeled datasets with known outcomes [53].

The application of machine learning to scRNA-seq anal-
ysis follows a canonical working principle that underpins
its effectiveness, as illustrated in Figure 2, which integrates
a vertical process diagram. This workflow comprises four
key steps (Figure 2a), data cleaning and preprocessing, feature
extraction, model fitting, and evaluation, each contributing to
robust analysis in scRNA analysis in wound healing [52, 54].
Data cleaning and preprocessing address noise and dropout
events, leveraging methods like linear regression and SVM
to normalize gene expression data, as seen in preprocessing
stages of wound healing datasets [55]. Feature extraction

employs techniques such as dimensionality reduction (e.g.
PCA, t-SNE, UMAP) to distill biologically relevant patterns,
enhancing the identification of fibroblast subpopulations in
human wounds [56]. Model fitting, using approaches like
clustering (e.g. k-means) and neural networks, infers cellular
dynamics, such as keratinocyte trajectories during repair [57,
58]. Evaluation validates model performance, ensuring relia-
bility across diverse scRNA-seq datasets [58, 59]. These prin-
ciples offer significant advantages: noise reduction improves
data quality, feature extraction reveals hidden cellular hetero-
geneity, and model fitting enables dynamic process modeling,
collectively advancing therapeutic insights into wound healing
as demonstrated by Liu et al. [54].

Supervised learning—regression analysis. Supervised learning
involves training models on labeled datasets where each input
has a corresponding output, allowing the model to learn
accurate input–output mappings for tasks like image clas-
sification and disease prediction. Regression analysis tasks
aim to generate numerical predictions for continuous vari-
ables [60]. Linear regression, one of the most straightforward
approaches, predicts the value of a dependent variable (y)
by analyzing its relationship with a single independent vari-
able (x) (Figure 2b). Alternatively, classification tasks involve
assigning observations to predefined discrete categories, as
seen in logistic regression (Figure 2b). In addition, support
vector machines (SVMs) are prominent algorithms in classi-
fication tasks, designed to find a hyperplane that optimally
separates classes in labeled data, facilitating the classifica-
tion of unseen instances (Figure 2c) [61]. Other classification
algorithms, including Naïve Bayes, decision trees, and ran-
dom forests, similarly aim to assign new data to predefined
categories [51].
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Figure 2. Illustration of machine learning principles and architectures in scRNA-seq analysis. The left workflow (a) outlines the canonical machine learning
process: (1) data cleaning and preprocessing normalizes and cleans scRNA-seq data; (2) feature extraction distills high-dimensional features; (3) model
fitting identifies patterns; (4) evaluation assesses performance. Right panels depict associated methods: Supervised machine learning (b, c) operates
with labeled data, where each input is paired with a known ground truth. This approach includes regression tasks, which predict numeric outcomes
based on input variables (e.g. linear regression) (b), and classification tasks, which categorize observations into predefined discrete classes (e.g. logistic
regression (b) or support vector machines (SVMs)) (c). (b) Linear regression and (c) SVM support data preprocessing and classification, aiding noise
reduction in wound healing datasets. Unsupervised machine learning (d, e) is exploratory, working with unlabeled data. Clustering techniques, such as
k-means clustering (d), are employed to identify groups of similar cells—such as fibroblast subpopulations—based on shared features. Dimensionality
reduction methods, including principal component analysis (PCA) and non-linear techniques like t-SNE or UMAP (e), are used to visualize these
high-dimensional relationships in a lower-dimensional space. Deep learning tasks (f, g) involve artificial neural networks, where input variables are
represented as nodes within an input layer. These nodes are connected to an output layer through multiple hidden layers, with various mathematical
transformations applied along the way. (g) The function used in neural network. wi denotes a learnable weight associated with the i-th input, while b
represents a learnable bias term. The symbol σ refers to a nonlinear activation function, which operates on a single input and produces a single output.
This activation function introduces nonlinearity into the model, enabling the network to capture complex patterns and relationships in the data. (g) Basic
design of a multilayer perceptron consists of nodes. Neural networks fit complex models, e.g. cell trajectories in wound healing

Unsupervised learning—clustering and dimensionality reduc-
tion analysis. Unsupervised learning works with unlabeled
data, focusing on discovering hidden patterns or structures
through techniques like clustering (e.g. k-means) or dimen-
sionality reduction (e.g. principal component analysis, PCA),
commonly applied in customer segmentation or anomaly
detection [62]. Clustering represents the most prevalent
form of unsupervised learning, aiming to identify similarities
and differences among observations, which are subsequently

categorized into distinct groups (Figure 2d) [63]. In contrast
to supervised learning, these groups are not predefined by
labeled data but emerge based on the specific context of the
ML task and the assumptions embedded in the ML algorithm,
often referred to as hyperparameters [64]. A notable
example is the k-value in the commonly employed k-means
clustering method. The k-value dictates the number of clusters
produced, with similar data points grouped together within
the same cluster. In addition to clustering, dimensionality
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reduction algorithms represent some of the most commonly
applied methods in unsupervised learning (Figure 2e). These
techniques aim to condense datasets with a large number
of variables into a more manageable set, while preserving
the intrinsic relationships within the data. Notable examples
include PCA, t-distributed stochastic neighbor embedding (t-
SNE), and uniform manifold approximation and projection
(UMAP) [65–67]. These methods are frequently employed
to generate interpretable two-dimensional visualizations of
high-dimensional data especially in scRNA data analysis.
In wound healing research, unsupervised learning offers a
valuable approach for exploring the heterogeneity of skin
cell types, enabling the identification and characterization of
novel subgroups within complex datasets.

Artificial neural networks—deep learning. Alternatively,
machine learning techniques can be categorized based on their
reliance on neural networks. ‘Traditional machine learning’
methods operate without the use of neural networks, whereas
deep learning utilizes artificial neural networks [68]. As a
subset of machine learning, deep learning leverages deep
neural networks to process complex data and is applicable
in both supervised and unsupervised learning scenarios. The
foundation of neural networks lies in the concept of artificial
neurons, which are the fundamental building blocks for all
neural network models. At its core, an artificial neuron is
a mathematical function designed to transform inputs into
outputs in a defined manner. The process can be broken down
as follows: (1) Input Reception: The artificial neuron receives
multiple input values. (2) Mathematical Transformation: It
applies a specified mathematical function to these inputs. (3)
Output Generation: Based on the transformation, the neuron
produces an output value (Figure 2f, g).

Neural network architectures represent diverse strategies
for organizing artificial neurons, each designed to address
specific types of problems or data structures. These archi-
tectures include, but are not limited to, multilayer percep-
trons (MLPs), recurrent neural networks (RNNs), convolu-
tional neural networks (CNNs), graph convolutional net-
works (GCNs), and autoencoders. Each architecture has dis-
tinct characteristics: MLPs are versatile and suited for general-
purpose tasks; CNNs excel in processing grid-like data, par-
ticularly images; RNNs are optimized for sequential data
analysis; GCNs specialize in processing graph-structured data;
and autoencoders are adept at unsupervised learning and
dimensionality reduction [69]. Importantly, these architec-
tures are not mutually exclusive and can be combined to
leverage their respective strengths. For instance, CNNs often
incorporate fully connected layers, akin to those in MLPs,
to produce final classification outputs. This hybridization of
architectures allows for the creation of sophisticated models
capable of handling complex, multifaceted tasks.

The diverse neural network architectures have significantly
advanced biological research by tackling complex datasets
and predictive challenges. MLPs, with their fully connected
layers, have been effectively applied to tasks like protein
secondary structure prediction, leveraging their capacity to
model intricate relationships from fixed feature sets [70].
RNNs have excelled in analyzing sequential biological data,
such as protein sequences for engineering novel peptides,
capturing temporal or positional dependencies critical to
understanding molecular functions [71]. CNNs have proven
powerful in processing structured biological inputs, notably

in predicting protein residue–residue contacts from sequence
co-evolution data, enabling high-accuracy 3D structure
modeling [72]. GCNs have been utilized to interpret molecular
structures, predicting drug properties by modeling atom–
bond relationships as graphs, which is particularly valuable
for understanding interaction networks [73]. Autoencoders,
meanwhile, have facilitated unsupervised analysis in single-
cell RNA sequencing, compressing high-dimensional tran-
scriptomic data into meaningful latent representations to
uncover cellular patterns [74]. These applications, thriving
on large datasets, demonstrate deep learning’s predictive
prowess in biology, yet their opaque nature often complicates
mechanistic insights, requiring careful validation. The field
of neural network architecture design continues to evolve,
with ongoing research exploring novel configurations and
combinations to enhance performance across various domains
of artificial intelligence and machine learning. For a more
comprehensive exploration of these architectures and their
applications, Greener et al. provides in-depth analysis and
examples [64].

Leveraging machine learning in scRNA-seq data analysis

Single-cell transcriptome sequencing, a pivotal technique in
single-cell omics research, remains the most widely employed
method in the field [75]. In recent years, machine learning
has become integral to analyzing scRNA-seq data. Machine
learning algorithms are commonly used for tasks such as
denoising, dropout imputation, doublet removal, and batch
effect correction. Moreover, they are increasingly applied to
cell cycle variance annotation, cell clustering, dimensionality
reduction, and trajectory inference. In this review, we specifi-
cally focus on the application of machine learning in dimen-
sionality reduction, cell clustering/annotation, and trajectory
analysis as these areas are central to our investigation into
wound healing. For a more comprehensive overview of other
machine learning applications in scRNA-seq data analysis,
please refer to Brendel et al., Li et al., Madadi et al., Sun et al.,
and Hughes et al. [62, 76–79].

Dimensionality reduction. scRNA-seq yields a high-
dimensional dataset that poses challenges for analysis.
Dimensionality reduction is crucial for extracting meaningful,
low-dimensional representations from scRNA-seq data,
facilitating processes such as cell clustering, annotation, and
trajectory inference [80].

Early methods of dimensionality reduction in scRNA-seq
data focused on identifying highly variable genes [2]. PCA has
been widely adopted for this task, particularly in software
like Seurat [80]. However, PCA is limited in capturing
nonlinear patterns, necessitating advanced techniques like
deep learning [81]. Deep learning approaches, such as
autoencoders, have shown success in learning nonlinear,
informative patterns from scRNA-seq data. For instance,
scScope uses autoencoders to improve low-dimensional
representations while correcting dropout events [8]. Similarly,
variational autoencoders (VAEs), which disentangle latent
representations, have demonstrated notable results. VASC,
an early VAE-based method, showed improved performance
in identifying rare cell populations [82]. Other VAE-based
approaches like scVI [83] and scDHA [84] have successfully
addressed batch effects and overfitting challenges. Modifi-
cations to the prior distribution, such as Gaussian mixture
models in scVAE [85] and the von Mises–Fisher distribution

D
ow

nloaded from
 academ

ic.oup.com
/burnstraum

a/article/doi/10.1093/burnst/tkaf032/8129846 by guest on 13 O
ctober 2026



Burns & Trauma, 2025, Vol. 13, tkaf032 7

in scPhere [86], further enhance latent representations. These
innovations reduce crowding in latent space and improve the
temporal resolution of data. Recent models also focus on
improving disentanglement by altering loss functions, as seen
in DiffVAE [87] and MMD-VAE [88], and by introducing
adversarial components, like DR-A and scRAE [89, 90].

Moreover, graph-based autoencoders (GAEs) have also
been applied, modeling both gene expression profiles and
topological relationships between cells [91]. Techniques such
as Graph-DiffVAE and scGAE reconstruct cell graphs based
on gene expression, offering more robust low-dimensional
representations. Interpretability of deep learning models
remains a concern, particularly in biologically meaning-
ful representations. Methods such as sparsely connected
autoencoders (SCA) integrate prior biological knowledge
into the model structure, enhancing interpretability [92].
Additionally, domain knowledge is embedded into models
via Gene Ontology–based approaches, as in GOAE [93],
pmVAE [94], and VEGA [95], allowing the models to focus
on biologically relevant pathways.

Cell clustering and annotation. A critical goal in scRNA-seq
analysis is to cluster heterogeneous cells into subpopulations,
representing distinct cell types or states. Established tools
like Seurat and Scanpy [80, 96] employ graph-based cluster-
ing methods such as Louvain [97] and Leiden [98]. Tradi-
tional clustering approaches, such as k-means, rely on low-
dimensional representations derived from techniques like PCA
or autoencoders [99]. Advanced methods like DESC [9] use
deep learning for simultaneous batch correction, denoising,
and clustering. CarDEC [100] builds upon this by treating
highly variable and lowly variable genes differently to improve
clustering accuracy. Hybrid architectures, such as scziDesk
[101] and GraphSCC [102], combine graph-based methods
with deep learning to improve clustering performance. Model
interpretability and clustering stability are critical, and recent
approaches, such as SAME-clustering [103] and the CellBIC
algorithm [104], integrate multiple clustering techniques to
enhance results.

Trajectory analysis. Beyond clustering, trajectory inference
provides insights into dynamic cellular processes such
as differentiation and development. Trajectory inference
methods aim to reconstruct the developmental pathways of
cells based on gene expression data. Tools such as Monocle
[10], CellTree [105], and scTDA [106] have been developed
for this purpose. Deep learning has furthered this field,
with VITAE providing a probabilistic approach to trajectory
inference [11]. By integrating multiple datasets and correcting
for confounders, VITAE allows for more accurate trajectory
reconstruction in complex biological systems.

Many researchers have also combined cell clustering with
trajectory inference to better understand cell types and their
dynamic processes. Machine learning models, such as SVM
classifiers, have demonstrated strong performance in cell clus-
tering across diverse datasets [107]. Recent developments
like DESC have addressed both clustering and batch effect
removal, improving clustering outcomes while preserving bio-
logical variance [9]. Moreover, trajectory inference methods
such as VITAE provide new opportunities to study dynamic
cellular processes such as cell differentiation and activation.

Machine learning and deep learning approaches have signif-
icantly enhanced dimensionality reduction, cell clustering, and

trajectory inference in scRNA-seq data analysis. These meth-
ods not only improve clustering performance but also facil-
itate a deeper understanding of cellular dynamics, enabling
advances in fields such as skin wound healing.

Transformer models in single-cell RNA-sequencing

analysis

Transformer models originated in the field of Natural Lan-
guage Processing (NLP), marked by the seminal paper “Atten-
tion Is All You Need” [108]. This architecture signaled a
paradigm shift away from sequential processing models like
recurrent neural networks (RNNs) and long short-term mem-
ory (LSTM) networks [109]. The core innovation of the Trans-
former is the self-attention mechanism [110]. Recognizing
the conceptual parallels between the structure of language
and biological sequences (such as DNA, RNA, and protein
sequences), the bioinformatics community has increasingly
adapted Transformer models for various biological data anal-
ysis tasks [111]. Notable applications include protein struc-
ture prediction, where attention mechanisms similar to those
in Transformers play a key role in models like AlphaFold 2
[112], as well as genome sequence analysis [113] and, more
recently, the analysis of gene expression data derived from
scRNA-seq experiments.

Core mechanisms: self-attention and positional encoding in
the scRNA-seq context. The cornerstone of the Transformer
architecture is the self-attention mechanism [114]. In the
context of scRNA-seq, self-attention allows the model to
compute pairwise interaction scores between input elements.
Depending on the specific model design, these elements could
represent genes within a single cell or perhaps cells within
a dataset. The mechanism calculates attention weights that
determine how much ‘focus’ or importance each element
should place on every other element when computing its
updated representation [115]. This allows the model to learn
context-dependent relationships; for instance, the significance
of a particular gene’s expression level might depend on the
expression levels of other functionally related genes within the
same cell. Positional encoding is another key component in
standard Transformers, designed to inject information about
the order or position of elements within the input sequence,
as the self-attention mechanism itself is permutation invariant
[116]. In NLP, word order is crucial for meaning. However, the
concept of ‘order’ for genes within a cell’s expression profile
is less inherent. While genes exist at specific genomic loca-
tions, their expression levels in scRNA-seq data are typically
presented as a high-dimensional vector or matrix without
a universally meaningful intrinsic order. Consequently, the
direct application of standard positional encoding might be
less relevant or require modification. Some approaches might
impose an artificial order, e.g. by ranking genes based on
expression levels [117], or use relative positional encoding
schemes [118].

A critical challenge lies in transforming the sparse, high-
dimensional cell-by-gene expression matrix into a format suit-
able for Transformer inputs. The sheer number of genes (often
exceeding 20 000) poses a significant hurdle for standard
Transformer architectures due to the quadratic complexity of
self-attention [119]. Various strategies such as Input Tokeniza-
tion and Embedding and Handling Sparsity are employed to
address this. For example, genes are often treated as anal-
ogous to ‘tokens’ in NLP [117]. Instead of simple word
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embeddings, models might utilize learned gene embeddings
that aim to capture functional similarities or relationships
between genes [120]. On the other hand, scRNA-seq data are
characterized by high sparsity, with a large proportion of zero
counts (often >90%) [121]. These zeros can represent true
biological absence of transcripts or technical artifacts known
as ‘dropout’ events. Pre-training strategies often involve mask-
ing certain gene expression values (e.g. randomly masking
a percentage of non-zero values) and training the model to
predict or reconstruct them, forcing it to learn contextual
gene relationships [119]. Therefore, developing effective input
representation strategies is a central and ongoing area of
research for applying Transformers to scRNA-seq data.

Applications of transformer models across the scRNA-seq anal-
ysis pipeline. Transformer-based models are being explored
and applied across a wide spectrum of tasks within the
standard scRNA-seq analysis workflow, demonstrating the
architecture’s versatility. A significant trend is the develop-
ment of large, pre-trained ‘foundation models’ that learn
general representations from massive datasets, which can then
be adapted (fine-tuned) for specific downstream applications
[119]. This approach mirrors the success of large language
models (LLMs) in NLP and aims to leverage the vast amount
of publicly available scRNA-seq data.

Cell type annotation and classification. Identifying and label-
ing cell types is a foundational step in interpreting scRNA-seq
data. Transformers are employed to automate or assist this
process, often achieving high accuracy. Models like scBERT
[122], scGPT [123], scTransSort [124], xTrimoGene [119],
CellPLM [125], and TOSICA [22] have been developed specif-
ically for this task. Many utilize a pre-training/fine-tuning
strategy: the model first learns general gene expression pat-
terns from large unlabeled datasets and is then fine-tuned on
smaller labeled datasets to predict specific cell types. These
models often capture complex gene signatures more effectively
than methods relying solely on canonical marker genes. Some
models, like TOSICA, are designed with interpretability in
mind, attempting to link predictions to known biological
entities or pathways [22]. Intriguingly, even general-purpose
LLMs like GPT-4 have shown promise in annotating cell
types based on provided marker gene lists, though evalu-
ation remains challenging without a perfect gold standard
[126].

Gene expression imputation. The inherent sparsity and
dropout events in scRNA-seq data can hinder downstream
analyses [121]. Imputation methods aim to predict these
missing or zero values, creating a more complete expres-
sion matrix. Transformer models leverage their ability to
understand context (i.e. the expression of other genes in
the cell) to perform imputation. Models like scBERT and
scGPT incorporate imputation capabilities, often linked to
their pre-training objective of reconstructing masked gene
expression values. GexBERT is another example focused on
modeling gene co-expression for tasks including imputation
[127]. While not always strictly Transformers, related deep
learning architectures employing attention mechanisms or
diffusion models (which share conceptual links) like scIDPMs
are also used for this purpose, aiming to recover biologically
meaningful expression values [128].

Batch effect correction and data integration. Combining
scRNA-seq datasets from different experiments, laboratories,
technologies, or time points is often necessary but complicated
by technical variations known as batch effects [129]. Effective
integration requires removing these technical artifacts while
preserving true biological variation. Transformers are used
to learn integrated data representations that align cells across
batches or even different data modalities. For example, scGPT
includes batch correction capabilities [123]. TOSICA achieves
batch-insensitive integration implicitly through its attention
mechanism guided by prior biological knowledge [22]. SELF-
Former specifically tackles the integration of scRNA-seq
with spatial transcriptomics data [130]. ScRAT demonstrates
cross-species integration and batch effect removal in plant
data [131]. SCARF, using a Mamba architecture (an efficient
alternative to Transformers), integrates scRNA-seq and
scATAC-seq data [132]. These models aim to create a unified
latent space where biological similarities are emphasized over
technical differences.

Trajectory inference and pseudotime analysis. Understanding
dynamic biological processes like cell differentiation or devel-
opment often involves ordering cells along a continuous path,
known as trajectory inference or pseudotime analysis [133].
While dedicated Transformer models for end-to-end trajec-
tory inference are less commonly highlighted in the provided
sources compared to other tasks, the underlying capabilities
of Transformers are highly relevant. By learning meaningful,
low-dimensional representations (embeddings) of cells that
capture subtle state transitions [76], Transformers can provide
improved input for existing trajectory inference algorithms
(e.g. Slingshot, Monocle) [134]. The ability to model depen-
dencies and capture cellular states suggests potential for more
direct application in future models.

Performing machine learning on scRNA data in
wound healing

Wound healing is a complex biological process involving
intricate interactions between various cell types and molecular
pathways. Recent advancements in single-cell technologies
and machine learning algorithms have revolutionized our
understanding of this process, offering unprecedented insights
into cellular heterogeneity, dynamic gene expression, and
intercellular communication during tissue repair. In order
to fully present how machine learning is applied in single-
cell analysis for wound healing research, we downloaded
single-cell data on skin wound healing from the DISCO
[135] database (GSM4673372) and completed the main pro-
cess of single-cell analysis. The process demonstrates both
supervised and unsupervised machine learning methods, as
shown in Figure 3. Essentially, we presented applications in
various aspects, including data preparation, clustering, cell
type annotation, dimensionality reduction, gene model scor-
ing, gene set analysis, gene ontology enrichment analysis,
pseudotime trajectory analysis, and cell-to-cell communica-
tion. Our analysis process fully demonstrates the extensive
application of various machine learning methods in wound
healing research. Subsequently, by reviewing other literature,
this section synthesizes recent findings that leverage these
cutting-edge approaches to elucidate the molecular mecha-
nisms underlying wound healing, with a focus on integrating
scRNA-seq (Figure 4). Figure 4 had been designed to illustrate
the relationship between specific machine learning models
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Figure 3. Workflow of single-cell RNA-sequencing analysis with machine learning and deep learning integration in the wound healing dataset. (a) Data
preparation: The raw scRNA-seq data undergoes preprocessing, where genes and cells are organized into a matrix. This step includes quality control,
filtering, and normalization of the data. Various deep learning methods, such as neural networks, may be employed here to impute missing values and
correct batch effects. (b, c) Clustering analysis: Unsupervised machine learning techniques, such as principal component analysis (PCA) and uniform
manifold approximation and projection (UMAP), are used to reduce dimensionality and visualize the data. Cells are then clustered into distinct groups
using algorithms like k-means or graph-based clustering (Louvain/Leiden). These clusters reveal the inherent cellular heterogeneity in the tissue sample.
(d, e) Gene features and module scoring: Key gene features and modules are identified using statistical techniques and machine learning–based feature
selection methods. Module scoring, often based on deep learning models, quantifies the expression of gene sets in individual cells. Feature importance
can be assessed using models like Random Forest or gradient boosting. (f) Training a classification model: A supervised machine learning classifier, such
as Random Forest, is trained to categorize cells into predefined types (e.g. epithelial cells, immune cells, fibroblasts) based on their gene expression
profiles. Cross-validation and out-of-bag (OOB) error rates are used to optimize the model’s performance and ensure robust cell-type classification. (g, h)
Trajectory analysis: Pseudotime and trajectory analysis are performed using machine learning methods, such as Monocle. These methods infer the
developmental progression of cells and visualize transitions between cellular states in a low-dimensional space, predicting cell fate changes over time.
(i, j, k) Cell-to-cell communication: Machine learning techniques, such as the CellChat model, were applied to infer cell–cell communication networks.
These models integrate receptor–ligand interaction data and infer how different cell types communicate in the tissue microenvironment, identifying key
signaling pathways and intercellular communication dynamics
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Figure 4. The relationship between specific machine learning models and applicable cell or tissue types on scRNA in wound healing. This figure was
developed by synthesizing findings from studies reviewed in section on Performing machine learning on scRNA data in wound healing, mapping each
specific machine learning model to the cell types it was applied to in the original research. Each point represents a particular combination of a machine
learning model applied to a specific tissue type. Machine learning methods: Represented by different shapes, these include a variety of methods applied
for cell–cell communication analysis, dimensionality reduction, gene regulatory network analysis, and modeling of scRNA-seq data. Specific models: The
X -axis lists the specific models used in each method, such as CellChat, PCA, t-SNE, and SCENIC. Applicable cell or tissue types: The Y -axis indicates
the cell types or tissues where the respective models were applied. These include endothelial cells, fibroblasts, macrophages, keratinocytes, and
various immune cells involved in wound healing processes

and the cell or tissue types they were applied to in wound
healing research, drawing from our synthesis of literature in
this Section.

To provide a more comprehensive exploration of machine
learning applications in wound healing research, we included
detailed descriptions of the methods employed in key studies
cited within this review. For instance, Guerrero-Juarez et al.
utilized pseudotime trajectory analysis and RNA velocity to
uncover fibroblast-to-myofibroblast differentiation trajecto-
ries in regenerating mouse skin wounds. Specifically, they
implemented the Monocle3 algorithm, which constructs a
trajectory by ordering cells along a pseudotime axis based
on gene expression changes, using a minimum spanning
tree approach optimized via reversed graph embedding [7].
This method allowed the identification of three distinct
differentiation paths, revealing dynamic transcriptional
regulation during repair. Similarly, Theocharidis et al. applied
the CellChat algorithm to infer cell–cell communication

networks in diabetic foot ulcers, leveraging a database of
ligand–receptor interactions to quantify signaling strength
between fibroblast subpopulations and immune cells [5].
CellChat employs a mass-action model to estimate interaction
probabilities, incorporating normalization steps to account
for cell type abundance, which provides insights into the role
of Healing Enriched Fibroblasts (HE-Fibro) in promoting
repair, as well as in the investigation of how wound fibroblasts
engage in dynamic signaling crosstalk with immune cells [56].
Additionally, dimensionality reduction techniques like t-SNE
(t-distributed Stochastic Neighbor Embedding) were widely
used across studies (e.g. Haensel et al.) to visualize high-
dimensional scRNA-seq data in two dimensions, relying on a
probabilistic approach to preserve local data structure while
minimizing Kullback–Leibler divergence [136]. These detailed
implementations highlight how machine learning enhances
the resolution of cellular dynamics in wound healing, ensuring
a consistent depth of discussion throughout this section.
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Fibroblast diversity and plasticity

Single-cell RNA sequencing has revealed remarkable hetero-
geneity within fibroblast populations during wound healing.
Guerrero-Juarez et al. identified 12 distinct fibroblast sub-
clusters with unique gene expression signatures in regenerat-
ing mouse skin wounds [7]. Their study employed droplet-
based scRNA-seq to profile 21 819 cells from regenerating
mouse skin wounds at 12 days post-wounding. Using pseu-
dotime trajectory analysis and RNA velocity, they uncov-
ered three putative fibroblast-to-myofibroblast differentiation
trajectories, highlighting the dynamic nature of these cells
during repair [7, 137]. The scEpath method was employed
to identify pseudotime-dependent gene expression changes,
revealing dynamic regulation of transcription factors and
signaling molecules during fibroblast differentiation [138].
Intriguingly, the study identified a rare population of myofi-
broblasts with myeloid features, suggesting potential cellular
plasticity during wound healing. These findings were further
validated using full-length scRNA-seq on flow-sorted cells
at multiple time points. Foster et al. further delineated four
key fibroblast subtypes—mechanofibrotic, activated respon-
der, proliferator, and remodeling fibroblasts—each contribut-
ing distinct roles in tissue repair. By integrating scRNA-seq
with scATAC-seq, they uncovered critical insights into chro-
matin accessibility and gene expression changes that drive
fibroblast activation and differentiation [59]. The role of aging
in fibroblast heterogeneity has also been explored. Mahmoudi
et al. (2019) found that fibroblasts from older mice exhibit
increased variability in reprogramming efficiency and wound
healing rates, attributed to a shift in fibroblast composition
with an increased proportion of ‘activated fibroblasts’ secret-
ing inflammatory cytokines [59]. This variability was linked
to distinct cytokine profiles in specific fibroblast subpopula-
tions, suggesting potential targets for improving wound heal-
ing in aged individuals. In the context of diabetic foot ulcers
(DFUs), Theocharidis et al. discovered a unique population of
fibroblasts termed Healing Enriched Fibroblasts (HE-Fibro),
characterized by the overexpression of matrix remodeling
genes (e.g. MMP1, MMP3) and immune/inflammatory genes
(e.g. CHI3L1, TNFAIP6) [139]. These HE-Fibro cells were
predominantly found in the wound bed of healing ulcers and
were shown to play a critical role in promoting wound repair.

Immune cell dynamics and inflammatory responses

The integration of scRNA-seq with machine learning has
provided crucial insights into the role of immune cells in
wound healing and fibrosis. Chen et al. revealed significant
transcriptomic shifts in monocytes, particularly within
the Ly6C+/CD14+ subpopulations, characterized by the
induction of inflammatory pathways and suppression of
steady-state immune features [140]. This approach identified
two distinct trauma patient subtypes based on monocyte
signatures, correlating with different clinical outcomes,
including severity of organ dysfunction and infection rates.
In chronic wounds, Yakupu et al. employed scRNA-seq and
the CellChat algorithm to uncover the role of melanocytes in
synthesizing and secreting Cathepsin G (CTSG), contributing
to the chronic inflammatory environment in pressure ulcers
[141]. The CTSG-F2RL1 ligand–receptor pairs mediated by
melanocytes were significantly upregulated in pressure ulcers,
suggesting a potential therapeutic target for managing chronic
wounds. The impact of pathogens on wound healing has

also been elucidated through single-cell approaches. Celik
et al. used scRNA-seq to uncover the detrimental effects of
Enterococcus faecalis infection on wound healing, revealing
immunosuppressive changes in macrophages and premature
epithelial–mesenchymal transition in keratinocytes [142].
Their study generated a detailed single-cell atlas, showing that
E. faecalis infection triggers significant immunosuppressive
changes, particularly in macrophages, which were found to
polarize toward an M2-like phenotype, suppressing the pro-
inflammatory responses necessary for effective healing.

Epidermal dynamics and regeneration

Single-cell transcriptomics has provided valuable insights into
the intricate behavior of epidermal cells during wound heal-
ing. In their 2020 study, Haensel et al. identified four distinct
basal cell states in healthy skin, each with unique metabolic
characteristics. These states undergo spatial reorganization
during the re-epithelialization phase of wound repair [136].
Their analysis uncovered a quasi-linear differentiation hierar-
chy in which basal cells transition from a Col17a1Hi/Trp63Hi
state to early-response (ER) states before either proliferating
or becoming growth arrested prior to differentiation into
spinous cells. Li et al. identified a specific subpopulation
of keratinocytes expressing major histocompatibility com-
plex class II (MHC II) in pressure ulcers, associated with
poorer healing outcomes [143]. This study underscores the
importance of keratinocyte heterogeneity in chronic wound
healing and suggests potential targets for therapeutic inter-
vention. The researchers applied various computational tech-
niques, including t-distributed stochastic neighbor embedding
(t-SNE) for dimension reduction and clustering, revealing
significant differences in gene expression between fibrotic and
regenerative myofibroblasts and macrophages. In the context
of diabetic wound healing, Liao et al. used scRNA-seq to
uncover significant alterations in gene expression profiles
across eight distinct cell clusters within the skin tissue of
patients with type 2 diabetes mellitus (T2DM). Keratinocytes
from T2DM patients showed differential expression of 356
genes, implicating pathways like oxidative phosphorylation,
cytokine–cytokine receptor interactions, and prion disease in
the pathology of delayed wound healing [144].

Spatial organization and microenvironment in wound

healing

The integration of spatial transcriptomics with scRNA-
seq has provided a more comprehensive understanding of
the spatial organization of gene expression patterns during
wound healing. Parigi et al. utilized spatial transcriptomics
to map the molecular regionalization of colonic tissue during
mucosal healing, revealing distinct transcriptional signatures
associated with different stages of tissue repair, immune
cell activation, and remodeling. This unbiased technology
enabled the identification of critical insights into the spatial
organization of gene expression patterns during the healing
process. Machine learning approaches, such as non-negative
matrix factorization (NNMF), were applied to deconvolve the
spatial transcriptomics data, revealing critical insights into
the spatial organization of gene expression patterns during
the healing process [145]. Yang et al. identified a distinct
‘pro-regenerative’ immune niche within large wound centers,
characterized by the presence of T cells, pro-inflammatory
macrophages, and monocytes co-localizing with hair follicle
stem cells and papillary fibroblasts. This spatial organization
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was found to promote tissue regeneration through specific
signaling pathways like IL-6 and ACTIVIN. The study
employed CellChat for cell–cell communication analysis,
revealing that these signaling pathways are preferentially
active in regenerative regions [146].

The application of scRNA-seq coupled with machine learn-
ing techniques such as RNA velocity analysis has provided
significant insights into the cellular heterogeneity and spatial
organization of fibroblasts in wound healing. This study
demonstrated that upper wound fibroblasts, characterized by
the expression of Crabp1, have a distinct differentiation tra-
jectory toward dermal papilla formation, which is crucial for
hair follicle regeneration in large wounds. By employing RNA
velocity, the research predicted the future states of fibrob-
lasts, revealing the regenerative competence of upper wound
fibroblasts, particularly those located at the wound periph-
ery. These findings underscore the critical role of integrating
spatial transcriptomics with machine learning to decipher
the complex cellular behaviors that underpin regenerative
wound healing, offering potential strategies for enhancing
tissue repair [147]. The study by Mascharak et al. provides
a comprehensive multi-omics analysis to delineate the molec-
ular pathways that drive scarring versus regenerative wound
healing in the context of verteporfin-induced YAP inhibi-
tion. By integrating scRNA-Seq, proteomics, and extracellular
matrix (ECM) ultrastructural analysis, the researchers iden-
tified distinct molecular trajectories associated with fibrotic
and regenerative healing outcomes. The study utilized scRNA-
seq to profile the transcriptomes of 2986 cells from mouse
wounds across various time points, revealing divergent gene
expression patterns between fibrotic and regenerative fibrob-
lasts. Fibrotic wounds were characterized by the activation
of mechanical signaling pathways and pro-fibrotic markers
such as Dpp4 and Fap, while regenerative wounds exhibited
upregulation of Wnt signaling and regenerative markers like
Trps1 and Rspo1. The researchers applied Monocle3 for
pseudotime trajectory analysis, which revealed bifurcating
paths representing fibrotic and regenerative fates [58]. The
regenerative trajectory was marked by decreased mechan-
otransduction and increased Wnt pathway activation, with
RNA velocity and CytoTRACE analyses further support-
ing these findings. ECM ultrastructural analysis, quantified
using a machine learning–based image processing algorithm,
demonstrated that verteporfin-treated wounds restored ECM
architecture to a state resembling unwounded skin, in contrast
to the dense, aligned ECM fibers observed in fibrotic scars.
Finally, the researchers used CellChat for cell–cell communica-
tion analysis, identifying key ligand–receptor interactions that
differentiated regenerative from fibrotic healing, particularly
in the modulation of fibroblast activity through Wnt and
inflammatory signaling pathways. This integrative approach
highlights the potential of combining multi-omics techniques
with machine learning to uncover the molecular mechanisms
underlying wound healing and fibrosis, offering insights into
potential therapeutic targets for enhancing regenerative out-
comes [58].

Gene regulatory network analysis and trajectory

inference in wound healing

The integration of scRNA-seq and spatial transcriptomics
with machine learning has provided profound insights into
the heterogeneity and therapeutic potential of Wharton’s
jelly–derived mesenchymal stem cells (WJ-MSCs) in wound

healing. This study identified four key WJ-MSC sub-
populations—proliferative, niche-supporting, metabolism-
related, and biofunctional-type—each contributing uniquely
to tissue repair. Utilizing the SCENIC pipeline, researchers
reconstructed gene regulatory networks, identifying critical
transcription factors that govern these cells’ differentiation
and specialized functions. Spatial transcriptomics further
revealed that biofunctional-type MSCs, enriched in the fetal
segment of the umbilical cord, possess superior wound healing
capabilities. This comprehensive approach demonstrates the
power of combining single-cell and spatial transcriptomics
with machine learning to uncover the cellular and molecular
underpinnings of effective regenerative therapies [55].

Guerrero-Juarez et al. employed Monocle 2, which uses
reversed graph embedding to learn a parsimonious principal
graph, to uncover fibroblast-to-myofibroblast differentiation
trajectories [7]. Foster et al. used RNA velocity, a method
that leverages spliced and unspliced mRNA counts to predict
the future transcriptional state of individual cells, to predict
the dynamic changes in fibroblast populations during wound
repair [59]. More recently, deep learning–based trajectory
inference methods have emerged, offering improved accuracy
and scalability. For instance, scVelo, a stochastic model of
transcriptional dynamics, has been applied to wound heal-
ing datasets to provide a more nuanced view of cell fate
decisions during tissue repair [58]. These advanced methods
allow researchers to capture the continuous nature of cellular
transitions and identify key decision points in the wound
healing process.

Cell–cell communication analysis

Machine learning algorithms have been pivotal in unrav-
eling the complex intercellular communication networks in
wound healing. CellChat, a tool that employs a mass-action
model and pattern recognition approaches, has been widely
used to predict and validate key cell–cell signaling pathways
crucial for wound regeneration [148]. By employing non-
negative matrix factorization (NMF) and pseudotime analy-
sis, researchers identified multicellular ‘movements’ and con-
served gene programs that span across various cell types, par-
ticularly macrophages and fibroblasts, revealing their coor-
dinated roles in tissue repair [149]. The study also utilized
the CellChat algorithm to predict and validate key cell–cell
signaling pathways, such as the oncostatin M (OSM) pathway
between macrophages and fibroblasts, which are critical for
wound regeneration. Furthermore, by comparing these wound
healing gene programs with those found in tumor microen-
vironments, the research illustrates how certain wound heal-
ing mechanisms are repurposed during cancer progression
[150, 151]. This integrative approach highlights the power
of combining single-cell transcriptomics, spatial analysis, and
machine learning to uncover the complex cellular interactions
that drive both wound healing and tumor growth, offering
novel insights for therapeutic development [149].

The study conducted by Theocharidis et al. integrates
skin transcriptomics and serum multiplex assays to uncover
novel mechanisms involved in wound healing of diabetic
foot ulcers (DFUs). The research combined bulk RNA
sequencing of forearm skin biopsies with scRNA-seq of foot
skin specimens from diabetic patients, both with and without
DFUs, and control subjects. The study identified significant
differences in the inflammatory profiles and cellular com-
positions between healers and non-healers. Single-cell RNA
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sequencing revealed the presence of various fibroblast sub-
populations, macrophages, and endothelial cells, highlighting
the distinct cellular environments in DFUs compared to non-
diabetic skin. The study utilized advanced computational
tools, such as t-SNE and UMAP for dimensionality reduction,
and Ingenuity Pathway Analysis (IPA) for functional analyses.
The scRNA-seq data uncovered fibroblast clusters specific to
DFUs, characterized by markers like COL7A1, indicating
their role in impaired wound healing. Furthermore, the study
applied canonical correlation analysis (CCA) to compare
cellular states across different patient conditions, identifying
distinct fibroblast subtypes that are primed for a wounding
phenotype in diabetic skin. The integration of serum cytokine
profiles with transcriptomic data using machine learning
methods provided insights into systemic factors influencing
wound healing outcomes. Markers such as soluble vascular
cell adhesion molecule, vascular endothelial growth factor
(VEGF), and interferon-gamma (IFN-γ ) were found to be
associated with better healing outcomes. The application of
IPA further revealed dysregulated pathways in non-healers,
including the inhibition of IL-13 and IFN-γ , suggesting
potential therapeutic targets to enhance DFU healing [57].
Recent advancements in deep learning have led to the
development of more sophisticated cell–cell communication
inference tools. For example, Tensor-cell and CellPhoneDB,
the deep learning framework to model multiway interactions,
has been applied to wound healing datasets to capture higher-
order interactions between multiple cell types simultaneously
[152, 153]. These advanced methods provide a more
comprehensive view of the complex signaling networks that
orchestrate the wound healing response.

Predictive modeling and biomarker identification

Machine learning approaches have been instrumental in
developing predictive models for wound healing outcomes
and identifying potential biomarkers. Song et al. employed
machine learning algorithms, including Random Forest
and Support Vector Machine-Recursive Feature Elimination
(SVM-RFE), to screen for significant glycosphingolipid
metabolism-related genes (GSLMRGs) in keloid development
[154]. The research involved the analysis of keloid tissues
and normal skin samples to identify key GSLMRGs and their
role in fibroblast differentiation and immune cell infiltration.
Machine learning algorithms (SVM-RFE) were employed to
screen for significant GSLMRGs from a set of 46 genes. Six
key genes (ARSA, GBA2, SUMF2, GLTP, GALC, HEXB)
were identified as critical markers for keloid diagnosis and
prognosis. A diagnostic model based on these genes was
constructed using logistic regression, achieving high accuracy
as demonstrated by a ROC curve with an area under the
curve value of 0.945. The study further applied scRNA-seq
to explore the heterogeneity of fibroblasts in keloid tissues.
Pseudotime trajectory analysis using the Monocle2 algorithm
revealed that increased activity of the GSL metabolism
pathway was associated with fibroblast differentiation,
particularly in the transition toward myofibroblasts and
stromal fibroblasts, which are crucial in keloid formation. The
research also included cell–cell communication analysis using
the CellChat package, highlighting the interactions between
fibroblasts with different levels of GSL metabolism activity
and other cell types, including immune cells and endothelial
cells. These interactions were mediated through specific
ligand–receptor pairs, suggesting that the GSL metabolism

pathway plays a vital role in regulating the cellular microen-
vironment in keloids. This integrative approach, combining
single-cell transcriptomics with machine learning, provides
new insights into the pathogenesis of keloids and offers
potential targets for therapeutic intervention by modulating
the GSL metabolism pathway [154].

In the context of hypertrophic scars (HS), which is a sig-
nificant challenge in wound healing, these are characterized
by excessive extracellular matrix deposition due to fibroblast
activation. Recent studies have integrated scRNA-seq with
machine learning to unravel the complex molecular mech-
anisms underpinning HS formation. Using the hdWGCNA
method, specific gene modules associated with fibroblasts
were identified in HS, followed by non-negative matrix fac-
torization to classify HS subtypes. Various machine learn-
ing algorithms, including LASSO and a convolutional neural
network (CNN), were employed to pinpoint key gene sig-
natures—THBS2, CTSK, and CTHRC1—that are pivotal in
diagnosing and predicting HS. Functional experiments fur-
ther revealed that THBS2 promotes fibroblast proliferation
and migration through the TGFβ1/P-Smad2/3 signaling path-
way. These findings underscore the potential of THBS2 as a
biomarker and therapeutic target in HS, offering new avenues
for improving wound healing outcomes [155].

Deep learning aiding bioinformatics analysis for

scRNA-seq in wound healing

scRNA-seq analysis in wound healing and skin repair har-
nesses major deep learning categories—convolutional neural
networks (CNNs), recurrent neural networks (RNNs), graph
convolutional networks (GCNs), and autoencoders [52, 64,
76] (Figure 5). CNNs excel in processing spatially resolved
gene expression data, enabling the mapping of immune niches
and wound bed architecture, as seen in spatial transcriptomics
studies of human wounds [59, 147]. RNNs model temporal
dependencies, inferring cell state transitions like keratinocyte
differentiation trajectories across healing phases, as explored
by Liu et al. and Guerrero-Juarez et al. [7, 54]. GCNs cap-
ture cell–cell interactions by representing cellular networks
as graphs, elucidating signaling among fibroblasts, immune
cells, and keratinocytes during repair, as demonstrated in
Theocharidis et al. and Liu et al. [5, 54]. Autoencoders inte-
grate high-dimensional data and extract features, identify-
ing key cell populations such as fibroblast subtypes, with
applications in batch correction and heterogeneity analysis
across wound stages [54, 55, 76, 156]. Commonly used tools
include scVI (Autoencoders) for data integration [157], scVelo
(RNNs) for RNA velocity [158], CellChat (potential GCN
adaptations) for communication analysis, and CNN imple-
mentations in spatial transcriptomics frameworks. These deep
learning approaches enhance bioinformatics analysis, provid-
ing predictive and mechanistic insights into wound healing
and skin repair processes.

Biological interpretation of machine learning outcomes

The machine learning results derived from scRNA-seq analy-
sis had provided substantial biological insights into the intri-
cate dynamics of wound healing, particularly through trajec-
tory inference. Utilizing scVelo [137, 158], the analysis delin-
eated developmental trajectories that included keratinocyte
migration during re-epithelialization and fibroblast differen-
tiation into regenerative subtypes, with a notable focus on the
Crabp1+ upper wound fibroblasts identified by Phan et al.
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Figure 5. Deep learning categories for scRNA-seq analysis in wound healing. (a) Convolutional neural networks (CNNs), analyzing spatially resolved data
to map immune niches and wound margin structures. (b) Recurrent neural networks (RNNs) infer temporal cell trajectories, tracing keratinocyte
dynamics across healing phases. (c) Graph convolutional networks (GCNs) model cell–cell interactions, capturing signaling networks (e.g. FGF7–FGFR1)
among fibroblasts, T cells, macrophages, and keratinocytes. (d) Autoencoders integrate data and extract features, identifying fibroblast subpopulations
across wound stages. Commonly used tools include scVI (autoencoders), scVelo (RNNs), CellChat (GCN potential), and CNN frameworks in spatial
transcriptomics, enhancing insights into skin repair

[147] as critical for hair follicle neogenesis in large murine
wounds. These trajectories aligned with human wound heal-
ing data, where Theocharidis et al. [139] reported upregulated
FOSL1 in keratinocytes driving re-epithelialization in diabetic
foot ulcers, and Liu et al. [54] confirmed COL1A1 expression
in fibroblasts supporting extracellular matrix remodeling.
Additionally, Graph Convolutional Networks (GCNs) imple-
mented via CellChat [148] mapped macrophage–keratinocyte
signaling through CXCL1, corroborating immune modulation
mechanisms in chronic wounds as detailed by Theocharidis
et al. [57]. The higher proportion of upper wound fibroblasts
in regenerating wounds [147] further suggested their migra-
tion from the periphery to the center, a process potentially
modulated by retinoic acid signaling, thereby enhancing the
understanding of regenerative potential and offering precise
therapeutic targets for wound repair.

Despite these insights, discrepancies between inferred
trajectories and established biological knowledge necessitated
a rigorous resolution framework. Greener et al. [64] empha-
sized validating machine learning predictions against ground
truth data, proposing the use of spatial transcriptomics
from Sun et al. [79] to verify spatial organization and cell
transitions, such as the unexpected timing of fibroblast-to-
myofibroblast transitions [147]. To address such conflicts, the
approach recommended cross-validation with independent

datasets, including histological assays or spatial mapping,
and consultation with domain experts to discern whether
deviations reflected novel biology or methodological artifacts,
as recommended by Brendel et al. [76]. Where data limitations
persisted, the strategy intended to enrich models with specific
markers, such as Crabp1+ upper wound fibroblasts [147] to
track regenerative competence and CD14+ dendritic cells
[159] to capture immune interactions. This multilayered
strategy aimed to reconcile machine learning outputs with
biological evidence, fostering an iterative cycle of validation,
refinement, and hypothesis generation tailored to the
complexities of wound healing.

Algorithm principles and programming languages in

wound healing scRNA-seq analysis

Machine learning applications in single-cell RNA sequencing
(scRNA-seq) for wound healing research are predominantly
implemented in R due to its extensive bioinformatics
ecosystem (Supplemental Table 1). The algorithmic principles
underpinning these analyses fall into several key categories.
Dimensionality reduction algorithms constitute the foun-
dation, with nonlinear approaches like uniform manifold
approximation and projection (UMAP) preserving local
neighborhood structures [54, 55, 160] and t-distributed
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stochastic neighbor embedding (t-SNE) emphasizing distance-
based probability distributions [5, 140]. These are frequently
complemented by linear dimensionality reduction via prin-
cipal component analysis (PCA), which captures maximum
variance along orthogonal components [139]. Trajectory
inference algorithms represent another critical algorithmic
class, with diffusion map–based approaches implemented
in Monocle 3 modeling cellular transitions as diffusion
processes [58, 161], while principal curve-based methods
in Slingshot fit smooth curves through high-dimensional
data clouds [54]. The computational analysis of cellular
communication leverages probability-based algorithms in
CellChat and NicheNetR that quantify ligand–receptor
interaction likelihoods [54, 160], while regulatory network
inference employs graph-based algorithms in SCENIC and
CellOracle to reconstruct transcription factor networks from
correlation patterns [162, 163].

The R programming language provides distinctive charac-
teristics that facilitate these complex analyses. R’s vectorized
operations enable efficient manipulation of high-dimensional
expression matrices, while its functional programming
paradigm supports the analytical pipeline construction
prominent in packages like Seurat (versions 3.0 to 5.2.0)
[164]. Statistical testing in R implements nonparametric
algorithms including Wilcoxon rank-sum tests [156, 161]
for differential expression analysis, accommodating the non-
normal distributions typical of scRNA-seq data. Integration
of multimodal data represents an algorithmic frontier, with
methods like SPOTlight [55] employing transfer learning
principles to bridge scRNA-seq with spatial transcriptomics,
while Cell2location [54] uses Bayesian algorithms for
spatial mapping. Machine learning classification algorithms,
exemplified by Random Forest implementation in Haensel
et al.’s study, leverage ensemble decision trees for cell state
prediction [136]. The language’s extensibility has facilitated
specialized analytical modules for chromatin accessibility
analysis through ArchR, pseudotemporal ordering through
CytoTRACE [58, 59, 165], and pathway enrichment via
statistical overrepresentation tests in GSEA, GSVA, and GO
analyses [54, 143]. These computational approaches collec-
tively constitute a sophisticated algorithmic framework that
systematically deconstructs the complex cellular dynamics
of wound healing, revealing mechanistic insights that bridge
fundamental biology with therapeutic potential.

Challenges and future perspectives of single-cell
sequencing and artificial intelligence in wound
healing research
Limitations of scRNA-seq and machine learning in

wound healing research

While single-cell RNA sequencing (scRNA-seq) and machine
learning have revolutionized wound healing research, these
technologies are not without limitations that can impact
the reliability of findings. A primary challenge in scRNA-
seq is the presence of high noise levels and dropout events,
where lowly expressed genes fail to be detected due to low
sequencing depth or technical variability [166, 167]. This
can obscure rare cell populations, such as specific fibroblast
subtypes critical to regeneration, potentially leading to incom-
plete clustering or trajectory inference results. In machine
learning, challenges include overfitting, particularly in deep
learning models like autoencoders, where excessive tuning to
training data may produce overly optimistic predictions that
fail to generalize across datasets [168, 169]. Additionally, the

lack of interpretability in complex models—often described
as a ‘black box’ problem—limits the ability to link compu-
tational outputs to biological mechanisms, hindering clinical
translation [170, 171]. The dependency on high-quality, well-
annotated training data further complicates applications, as
wound healing datasets may vary in batch effects or sampling
conditions, affecting model performance [56, 172]. These
limitations can lead to misidentification of cellular subpopu-
lations (e.g. mistaking noise for a rare cell type) or unreliable
therapeutic target predictions (e.g. overestimating a pathway’s
role due to overfitting). Addressing these issues requires robust
preprocessing (e.g. dropout correction with scScope and batch
correction with methods like DESC) and validation with
orthogonal data (e.g. proteomics) [8], ensuring that findings
are both accurate and actionable in wound healing research.

Future horizons: integrating interpretable AI and

multi-omics for personalized wound healing

The future of wound healing research lies in the development
of interpretable AI models that can provide clear insights
into the biological mechanisms underlying model predictions,
which is crucial for translating computational findings into
actionable clinical insights [173, 174]. As the field progresses,
there will be an increasing emphasis on the integration
of multi-omics data, such as single-cell transcriptomics,
spatial metabolomics, and chromatin accessibility profiling,
using advanced machine learning techniques like multi-view
learning and tensor factorization [175]. For example, single-
cell RNA sequencing reveals fibroblasts as the most tran-
scriptionally dynamic cells in wound healing, transitioning
from transient Prg4-expressing populations at early wound
edges to stable, spatially distinct populations that stratify
mature scars. These fibroblast states engage in complex,
time-dependent signaling with immune cells, highlighting
the spatial and temporal heterogeneity in fibroblast function
throughout the repair process [56]. Recent advances in
wound healing research highlight the transformative potential
of multi-omics approaches that integrate transcriptomic,
proteomic, and ultrastructural analyses to decipher the
molecular distinctions between regenerative and fibrotic
repair pathways [176]. By applying cell barcoding techniques
and sophisticated data integration methods, researchers
have identified critical genetic regulators like Trps1 that
distinguish regenerative from fibrotic trajectories, providing
a comprehensive roadmap for future investigations targeting
enhanced tissue regeneration [58, 177]. Additionally, real-
time monitoring and prediction of wound healing progress
through the integration of wearable sensor data, imaging, and
molecular profiling will become more feasible, enabling timely
interventions [178]. Personalized treatment strategies based
on large-scale, multimodal datasets will allow for tailored
therapies that consider individual patient characteristics
[179]. Moreover, machine learning approaches, particularly
deep learning models, will play a significant role in drug
discovery and repurposing, predicting the efficacy of existing
drugs and aiding in the design of novel therapeutic compounds
[180]. Artificial intelligence offers transformative potential
in wound care by providing advanced computer-assisted
methods to assess and predict healing across the complex,
multifactorial wound healing process involving hemostasis,
inflammation, proliferation, and remodeling [173]. Global
studies demonstrate AI’s promising capabilities in analyzing
wound components, enabling more accurate assessment
and personalized treatment selection, though significant
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challenges remain that must be addressed before widespread
clinical implementation.

Conclusions

In this review, we have explored the application of machine
learning to various aspects of scRNA-seq data analysis
in wound healing, acknowledging both the significant
advances and the challenges that remain. The convergence of
single-cell transcriptomics, spatial genomics, and advanced
machine learning techniques has revolutionized wound
healing research, offering unprecedented insights into cellular
heterogeneity and molecular mechanisms. These approaches
have been instrumental in developing predictive models,
identifying novel therapeutic targets, and designing advanced
biomaterials. As these technologies continue to evolve and
integrate with other omics, they hold the potential to
transform wound healing into a more precise and personalized
field of regenerative medicine. However, translating these
complex datasets and models into clinical practice will require
validation in larger patient cohorts, standardized protocols,
and careful consideration of ethical and regulatory issues
associated with AI-driven healthcare decisions.
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