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ABSTRACT

Background: Diabetic foot ulcers (DFUs) pose a serious long-term threat because of elevated mortality and
disability risks. Research on its biomarkers is still, however, very limited. In this paper, we have effectively
identified biomarkers linked with macrophage excretion in diabetic foot ulcers through the application of
bioinformatics and machine learning methodologies. These findings were subsequently validated using external
datasets and animal experiments. Such discoveries are anticipated to offer novel insights and approaches for
the early diagnosis and treatment of DFU.

Methods: In this work, we used the Gene Expression Omnibus (GEO) database’s datasets GSE68183
and GSE80178 as the training dataset to build a gene model using machine learning methods. After that, we
used the training and validation sets to validate the model (GSE134431). On the model genes, we performed
enrichment analysis using both gene set variant analysis (GSVA) and gene set enrichment analysis (GSEA).
Additionally, the model genes were subjected to immunological association and immune function analyses.
Results: In this study, PROS1 was identified as a potential key target associated with macrophage efflux in DFU
by machine learning and bioinformatics approaches. Subsequently, the key biomarker status of PROS1 in DFU
was also confirmed by external datasets. In addition, PROS1 also plays a key role in macrophage exudation in
DFU. This gene may be associated with macrophage M1, CD4 memory T cells, naive B cells, and macrophage
M2, and affects IL-17, Rap1, hedgehog, and JAK-STAT signaling pathways.

Conclusions: PROS1 was identified and validated as a biomarker for DFU. This finding has the potential to
provide a target for macrophage clearance of DFU.

INTRODUCTION rehabilitation, thereby imposing substantial financial

and physical burdens. Beyond the medical expenses
Diabetic foot ulcers (DFUs) represent one of entailed in treatment, DFUs can diminish work
the most devastating complications of diabetes, capacity, lower quality of life, and give rise to mental
posing a significant challenge in healthcare. Patients health concerns, thereby subjecting patients and
frequently endure ongoing pain, infection, and lengthy their families to considerable psychological stress [1].
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Frequent exacerbation of DFU is often attributed to
extensive changes associated with diabetes, including
neuropathy and vascular issues [2]. The prevalence of
diabetic foot ulcers (DFUSs) ranges from approximately
15% to 25% throughout the lifespan of a diabetic
patient. Notably, the incidence of DFUs increases
from 19% to 34% if the patient has a history of
foot injury or infection. Alarmingly, amputation may
eventually be necessary in about 17% of these cases
[3]. In 2019, direct global healthcare expenditures
related to diabetes amounted to approximately $700
billion. It is estimated that these costs are projected
to rise to $825 billion by 2030, with healthcare costs
associated with diabetic foot problems accounting for
one-third of total diabetes management spending [4].
Diabetic foot ulcers (DFUs) have a very complicated
etiology that is typically brought on by peripheral
vascular diseases and distal neuropathy that affect the
lower limbs. Treatment choices are made even more
complex and difficult by the concurrent infection
that occurs in over half of DFU cases [4]. Therefore,
in order to improve the outcome and prognosis for
patients with DFU, it is imperative to study novel
DFU biomarkers and avoid the creation of chronic
wounds [4].

One of the main cells that control the healing
process of wounds is the macrophage [5]. Without
macrophages, wounds will not heal as quickly,
blood vessel creation will be hindered, collagen
deposition will be lowered, and cell proliferation
will be slowed down [5]. It has been demonstrated
that trauma-induced macrophages can change during
the phagocytosis of apoptotic cells from a pro-
inflammatory M1 phenotype to an anti-inflammatory
M2 phenotype, contributing to the elimination of
apoptotic cells [5]. Excessive blood glucose levels
can cause high levels of advanced glycosylation
end-products (AGEs) being produced, which are
formed when proteins or lipids are exposed to
sugar and undergo glycosylation [6]. AGEs and
macrophages expressing high levels of the receptor
for AGE (RAGE) accumulate in the diabetic wound
environment. Research conducted in vitro has
demonstrated that AGEs decrease the phagocytic ability
of M1 macrophages. One of the main mechanisms
causing macrophages to change into M2 phenotypes
is efferocytosis of phagocytosed apoptotic cells [7].
Better wound healing is achieved when anti-RAGE
antibodies are administered in vivo to wounds, as
this increases phagocytic activity (efferocytosis)
and encourages macrophage transition to the M2
phenotype. This shows that AGE concentrations in
wounds can prevent phenotypic change and expedite
healing [8]. The intracellular macrophages extrac-
ted from diabetic mouse wounds exhibit impaired

efferocytosis function, causing an increase in
apoptotic cells in the wound [9, 10]. Moreover, the
efferocytosis of apoptotic cells drives macrophages
towards the M2 phenotype, which could be the main
driving factor for wound healing transition [11].
However, currently there is a lack of relevant research
on the key targets of macrophage efferocytosis in
DFU.

Precision medicine is swiftly evolving into an
approach that customizes medical care for specific
small groups or even individual patients, considering
their genetic, environmental, and habit factors. This
approach heavily depends on advancements in systems
biology and omics disciplines [12]. The key is to
understand and treat diseases by integrating multi-
modal or multi-omics data from individuals, in order
to make informed decisions tailored to each patient.
Meanwhile, the rapid development of computer
science has led to the emergence of technologies
capable of storing, processing, and analyzing these
complex datasets. In vivo administration of anti-
RAGE antibodies to wounds enhances phagocytic
activity (efferocytosis) and promotes the shift of
macrophages to the M2 phenotype, thereby promoting
better wound healing. This suggests that high levels
of AGEs in wounds impede phenotypic shift and
timely repair [13].

Through the wuse of clinical annotations and
high-throughput transcriptome sequencing data, the
Diabetic Foot Unit (DFU) program enables us to
investigate alterations in transcriptional patterns
and related molecular pathways linked to DFU
in biological research [14]. Numerous researches
have examined molecular markers linked to the
development of DFU using gene expression data
taken from the Gene Expression Omnibus (GEO)
database [15, 16]. Advancements in high-throughput
sequencing technologies and the incorporation of
machine learning in medicine have led to the
emergence of novel methodologies for investigating
molecular targets across various diseases [14, 17].
Through the application of bioinformatics technology,
genes related to DFU that are associated with
macrophage efferocytosis have been identified. In
order to accurately identify the biomarkers associated
with DFU, we utilized machine learning algorithms
and screened key gene models.

Following this, candidate genes displaying strong
correlations with immune infiltration were validated
using a separate, independent validation dataset.
Subsequently, animal experiments were conducted to
affirm the crucial genes identified. Figure 1 depicts
the study’s flowchart.
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MATERIALS AND METHODS
Raw data

The GEO database provided the microarray data for the
mRNA expression profiles associated with DFU. This
work made use of the GEO datasets GSE68183,
GSEB80178, and GSE134431 as well as the matching
platform files GPL16686 and GPL18573. The training
datasets in this study were GSE68183 and GSE80178,
while the validation set was GSE134431. Three DFU
patient samples and three control samples were included
in GSE68183. Three samples of normal skin and nine
samples from DF patients are included in GSE80178

l Clinical Correlatioon DFU and Health

[18]. The GSE134431 dataset comprised ulcer samples
from 13 patients with diabetic foot (DF) and skin
samples from 8 DF patients [19]. Comprehensive details
regarding the mentioned datasets are provided in Table
1. The associated genes of macrophage efferocytosis
(MERGS) were obtained from the GeneCards database
(Supplementary Table 1).

Data filtering and processing

By using the probe annotation file, the downloaded
probe matrix was transformed into a gene expression
matrix. When a gene corresponded to more than one
probe, the gene’s final expression level was determined

GSE68183
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Figure 1. Flow chart of this study.
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Table 1. Dataset information.

Dataset Platform Count DFU Control
GSE68183 GPL16686 6 3 3
GSE80178 GPL16686 12 9 3
GSE134431  GPL18573 21 13 8

by averaging these probes [20]. The batch effect
between the GSE68183 and GSE80178 datasets was
reduced using the SVA software after the datasets had
been normalized. Principal component analysis (PCA)
was then employed to evaluate batch effect removal.

Analysis of differentially expressed genes (DEGS)

We aligned the MERGs and conducted a comparative
analysis on them. We identified pertinent differential
MERGs, and furthermore, we conducted a differential
analysis based on the expression of core genes.

Construction and validation of prediction models
using various machine learning methods

We used the “caret” R package to build machine
learning models based on two different MERGS clusters,
including Support Vector Machine (SVM) [21], Extreme
Gradient Boosting (XGB) [22], Generalized Linear
Model (GLM) [23], and Random Forest (RF) [24].
Receiver operating characteristic (ROC) curves assess
the diagnostic utility of these biomarkers. The “total
score” represents the cumulative score of the predictor
variables. In addition, we utilized calibration curves
and decision curve analysis (DCA) to assess the
predictive power of the histogram model. In addition,
we performed variance analysis and ROC validation for
each gene in the model, utilizing both the training and
validation sets.

A generalized linear model (GLM) is an extension
of a linear model that better accommodates different
types of data distributions by using a link function
to establish a relationship between the expected value
of the response variable and a linear combination of
the predictor variables. XGBoost (Extreme Gradient
Boosting) is a machine learning library based on the
gradient boosting decision tree algorithm, known for
its efficient implementation. XGBoost can be used to
solve a variety of tasks such as classification, regres-
sion, and sorting, and has achieved notable success in
several machine learning competitions. Support Vector
Machines (SVMs) are powerful supervised learning
models that are primarily used to solve classification
and regression problems. By transforming the data
into an optimization problem and finding the optimal

separating hyperplane on the training data, SVMs
are able to perform pattern recognition and regression
analysis efficiently. Random Forest (RF) is an integ-
rated learning algorithm that improves the accuracy
and robustness of classification or regression by
constructing multiple decision trees and combining
their outputs. Due to its excellent performance and ease
of use, Random Forest has become one of the preferred
algorithms in many machine learning practices.

Pathway and functional enrichment analysis

The R package clusterProfiler was utilized to do
enrichment analysis for the Kyoto Encyclopedia of
Genes and Genomes (KEGG) [25] and Gene Ontology
(GO) [25]. Moreover, to identify possible pathways,
Gene Set Enrichment Analysis (GSEA) was carried out
[25]. Gene set variation analysis (GSVA) is a non-
parametric, unsupervised analytical method mostly used
to assess gene set enrichment in sequencing data [25].

Immunocyte infiltration analysis

The CIBERSORT method and the immune cell
LM22 gene set were utilized to determine the relative
abundance of 22 different lymphocyte subtypes in both
the normal sample and each diabetic foot patient [26].

Correlation analysis between diagnostic biomarkers
and immune cells

We performed a Spearman correlation analysis with
the aim of exploring in depth the association between
diagnostic biomarkers and infiltrating immune cells.
This analysis can help us better understand the role of
biomarkers in immune cell infiltration, thus providing
more comprehensive information and guidance for
disease diagnosis and treatment [27].

Data availability

All data generated have been incorporated into the
published manuscript. The gene expression datasets
produced during this investigation are accessible in the
NCBI Gene Expression Omnibus (GEO) database under
the accession numbers: GSE68183, GSE80178, and
GSE134431. For additional information, please reach

WWWw.aging-us.com

6886

AGING



out to the authors at Hongshuo Shi’s email address:
jf17510413109@163.com.

RESULTS
GEO data processing
In this paper, we merged two DFU datasets, GSE68183

and GSE80178, and the datasets included a total of
6 normal skin samples and 12 DFU samples. In Figure

Before batch correction
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2A, we show the gene expression level assessment and
PCA results of each sample before and after removing
the batch effect. In Figure 2B, we calculated the
chromosomal locations of MERGs and indicated them
with circles. We identified 21 differentially expressed
MERGs (deMERGSs). Among these MERGs, KNG,
TREM2, FPR2, IL1RN, ALOX12, SIAH2, EGLNS3,
LINCO01587, SIRT6, and SIRPA were expressed at
higher levels in DFU. In contrast, SIRT1, WDFY3,
FN1, EDIL3, HMGB1, TLR3, PROS1, FGL2, FPR3,
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Figure 2. Dataset preprocessing and difference analysis. (A) Principal component analysis (PCA) analysis before batch effect removal;
(B) Heatmap of deGINMRG; (C) The location of MERGs on chromosomes; (D) The expression levels of MERGs; (E) Gene relationship network
diagram of deMERGs; (F) Correlation analysis of deMERGs. Red and green colors represent positive and negative correlations, respectively.
The correlation coefficient was expressed as the area of the pie chart.
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AXL, and C3 were expressed at significantly lower
levels in DFUs than in normal controls (see Figure 2C,
2D). Subsequently, correlation analysis of these genes
was performed in this paper (see Figure 2D, 2E).

Building and evaluating machine learning models

In this study, a machine learning model was constructed
utilizing deMERGs (refer to Figure 3A). Residual
distribution analysis indicated that SVM exhibited the
highest residuals among the four models (see Figure
3B). ROC analysis demonstrated that SVM achieved an
AUC value of 1.000, outperforming the other machine
learning models (see Figure 3C). Figure 3D presented
the top 10 significant feature variables for each model
based on root mean square error. To assess the
predictive performance of SVM models (LINC01587,
EDIL3, FGL2, PROS1, and TREM2), line plots were
plotted (see Figure 3E). Detailed model information
can be found in Table 2. Prediction accuracy of the
line plot models was evaluated using calibration curves
and decision curve analysis (DCA). Calibration curves
illustrated the minimum error between actual DFU
cluster risk and predicted risk (see Figure 3F). Decision
curve analysis demonstrated high accuracy of the
line graphs, making them valuable for clinical decision-
making (see Figure 3G).

Differential validation of model genes
In the training set, we observed higher expression

levels of EDIL3 (Figure 4A), FGL2 (Figure 4B),
and PROS1 (Figure 4C) in the normal group, whereas
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TREM2 (Figure 4D) and LINCO01587 (Figure 4E)
showed higher expression levels in the DFU group.
The ROC curves for these genes are depicted in
Figure 4F. In the variance analysis of the validation
set, we found that PROS1 (Figure 4G) expression was
down-regulated in DFU, consistent with the results
from the training set, while the expression pattern of
EDIL3 (Figure 4H) was opposite to that observed in
the training set. Consequently, PROS1 may serve as a
key marker in DFU. The ROC curves of PROS1 in the
validation set also demonstrated its strong diagnostic
ability (Figure 41).

Analysis of DEGs associated with PROS1 and
enrichment analysis

Based on the expression levels of PROS1, we
conducted a differential analysis of genes in the
training set. The results of this analysis were visualized
through volcano plots (Figure 5A), heat maps (Figure
5B), and correlation heat maps (Figure 5C). Enrichment
analysis revealed genetic biological processes involving
pattern specification (GO: 0007389), embryonic organ
morphogenesis (GO: 0048562), and embryonic organ
development (GO: 0048568) (Figure 5D). KEGG
enrichment analysis indicated that differentially
expressed genes were implicated in pathways such
as the IL-17 signaling pathway (hsa04657), Rapl
signaling pathway (hsa04015), and hedgehog signaling
pathway (Figure 5E), suggesting a close association
between PROS1 and inflammation. GSEA analysis
demonstrated that the cell cycle, melanogenesis, and
RNA degradation pathways were activated in the PROS1
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Figure 3. Construction of machine learning models. (A) The cumulative residual distribution of the four models; (B) Residual boxplots
of the four machine learning models, where the red dots indicate the root mean square of the residuals; (C) ROC analysis of four machine
learning models with 5-fold cross-validation in the test set; (D) The important features in SVM, RF, XGB, and GLM; (E) Construction of a
nomogram to predict DFU risk based on a 5-gene SVM model; (F, G) Calibration curves.
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Table 2. Model information.

Variable Permutation Dropout_loss  Label
LINC01587 0 0.379102009 SVM
EDIL3 0 0.382035832 SVM
FGL2 0 0.383280431 SVM
PROS1 0 0.398267204 SVM
TREM2 0 0.402331623 SVM

high-expression group (Figure 5F). Conversely, in the
PROS1 low-expression group, pathways related to
bladder cancer, cytokine-cytokine receptor interactions,
and youth maturity-onset diabetes were active (Figure
5G). GSVA analysis further indicated that PROS1
was closely linked to glyoxylate and dicarboxylic acid
metabolism, as well as aminoacyl tRNA biosynthesis
(Figure 5H).

Analysis of immune function and immune cell
infiltration

Immunofunctional analyses revealed that PROS1
may be associated with immune checkpoints, T-cell
synergistic suppression, T-helper cells, Tfh, Thl cells,
Th2 cells, and tumor-infiltrating lymphocytes (TILS)
(Figure 6A). Compared to controls, DFU samples
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Figure 4. The analysis of genetic differences and diagnostic efficacy of model genes. (A) Differential expression of EDIL3;
(B) Differential expression of FGL2; (C) Differential expression of PROS1; (D) Differential expression of TREM2; (E) Differential expression of
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exhibited an increase in B-cell naive and dendritic cell-
activated phenotypes, along with a decrease in the
number of T-cells CD4 memory-resting, regulatory T-
cells (Tregs), follicular helper T-cells, macrophage M1,
and resting mast cells (Figure 6B). The distribution of
immune cells and the results of principal component
analysis (PCA) are illustrated in Figure 6C, while the
distribution of immune cells is demonstrated in Figure
6D. Further analysis of the relationship between the 22
immune cells in all samples revealed a significant
positive correlation between macrophage M1 and T-cell
CD4 memory resting phenotypes, whereas B-cell naive
phenotypes exhibited a significant negative correlation
with macrophage M2 (Figure 6E).

The correlation analysis between the gene PROS1 and
immune cells is depicted in Figure 7A. We observed
significant positive correlations between PROS1 and
macrophage M1 (r = 0.74, p = 0.005) (Figure 7B), resting
mast cells (r = 0.75, p = 0.008) (Figure 7C), and activated
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NK cells (r = 0.64, p = 0.03) (Figure 7D). Additionally,
PROS1 exhibited a negative correlation with resting
NK cells (r = -0.65, p = 0.02) (Figure 7E) and activated
dendritic cells (r = -0.60, p = 0.04) (Figure 7F).

DISCUSSION

DFU stands out as a prevalent complication of
diabetes, imposing significant burdens on patients
while also presenting challenges to overall health,
nursing protocols, and the social fabric [28]. The role
of macrophage efferocytosis in DFU has also received
extensive attention from researchers [28]. Leveraging
machine learning and bioinformatics methodologies,
the current study aimed to pinpoint PROS1 as a
potential crucial target for DFUs from the standpoint
of macrophage phagocytosis. The reliability of these
findings is bolstered by the diminished expression of
PROS1 observed in the validation set of DFU patients
and in animal experimentation.
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The difficulties in healing diabetic wounds can be
attributed to complex factors, such as impaired blood
vessel formation, abnormal inflammatory response, and
dysfunctional macrophage efferocytosis [28]. Diabetes
patients experience altered macrophage function,
leading to a reduced ability to clear infections.
Furthermore, their functionality during the later stages
of repair is also affected, resulting in delayed healing
processes [28]. In a mouse model mimicking diabetes,
impaired phagocytosis of apoptotic cells resulted
in the accumulation of apoptotic cells in wounds
and maintained an inflammatory microenvironment
[9]. Moreover, research indicates that efferocytosis
effectively facilitates the transition of pro-inflammatory
M1 macrophages to reparative M2 macrophages [29].
The transformation of macrophages plays a crucial
role in inducing the efferocytosis function. Diabetic
wounds produce various inflammatory factors and
chemotactic factors in the wound microenvironment,
such as AGE, MCP-1, DAMPs, and IL-1B, which
mutually induce the NLRP3 and IL-1R1 signaling
pathways. These events impede macrophage polarization
and directly affect the process of the efferocytosis
function [30, 31]. This study identified and validated
that PROS1 may be a crucial gene influencing the
macrophage efferocytosis phenotype in DFU.

PROSL1 is located on chromosome 3gl11.1 and is a
vitamin K-dependent plasma protein that activates
protein C to activate coagulation factors V and VIII
while promoting the clearance of early apoptotic cells
[32]. The members of the Tyro3/Axl/Mer (TAM)
receptor tyrosine kinase (RTK) family serve as vital
regulators of the innate immune system, playing a
pivotal role in the efficient clearance of apoptotic
materials during normal homeostatic processes [33,
34]. Gas6 and Prosl, the extensively researched TAM
ligands, act as intermediary molecules, connecting
phosphatidylserine (PtdSer) exposed on the surface of
apoptotic cells with TAM receptors on macrophages.
This interaction subsequently initiates phagocytosis
[35]. PROS1 also serves a significant function in
the process of blood clotting. The components of the
hemostatic and fibrinolytic systems play an essential
role in the wound healing process. In addition to
their direct contribution to the formation of a clot,
which acts as a barrier against bleeding and pathogens,
their interaction with inflammatory cells also lays
the foundation for antimicrobial activity, extracellular
matrix degradation, migration and proliferation of
keratinocytes, and wound contraction [36]. TAM
receptors play a crucial role as key regulators of
inflammatory responses. PROS1 functions as a ligand
for TAM receptors. When PROS1 is deficient, there
is an increase in the expression of pro-inflammatory
cytokines such as TNF-a and CCL3 [37]. The

expression of PROS1 shows a positive correlation
with neutrophil count, activity, and oxidative burst,
suggesting its potential as a therapeutic target for
conditions like decompensated liver cirrhosis and
sepsis [38]. PROS1 emerges as a promising targeted
drug candidate for the treatment of inflammatory
disorders, including spinal cord injury and ankylosing
spondylitis [38]. In this study, PROS1 was found to be
downregulated in the group with DFU, suggesting its
potential as a protective factor against DFU. However,
the specific protective role of PROS1 in DFU remains
unclear and requires further investigation.

Numerous research studies have suggested potential
associations between PROS1 and signaling pathways
such as IL-17, Rapl, hedgehog, and JAK-STAT.
The wound healing process is intricately regulated
by a complex network of cytokines and growth factors
that govern intercellular interactions. Specifically,
inflammatory signals play a pivotal role in dictating
various aspects of tissue repair and regeneration.
Dysregulation of these signals often results in abnormal
inflammatory responses, leading to the failure of
re-epithelialization. These factors are crucial in the
development of slow or non-healing skin ulcers,
which are increasingly recognized as a significant
global health concern [39]. Bioinformatics analysis has
revealed that interleukin 17A (IL-17A) is prominently
upregulated in wound tissues, primarily synthesized by
Thl7 cells. Research indicates that IL-17A plays a
critical role in promoting wound epithelialization
[40]. Rapl, belonging to the Ras family of small
GTPases, is a highly conserved cytoplasmic protein.
It governs signaling pathways crucial for cellular
cytoskeleton organization and cell-cell adhesion
[41, 42]. Rapl is mobilized to the wound perimeters
and tricellular junctions where it becomes activated.
Researchers found that heightened Rapl activity leads
to enhanced recruitment of myosin to the wound
edges, thus expediting the process of wound healing
[43]. The Hedgehog pathway is essential for precise
morphogenesis and embryonic development [44].
Recent studies have indicated that the use of Hedgehog
pathway agonists can alleviate impaired angiogenesis
in diabetic mice. In addition, metformin downregulates
autophagy through the Hedgehog signaling pathway,
thereby alleviating high glucose-induced endothelial
dysfunction [45]. Research has shown that the
Hedgehog signaling pathway promotes endothelial cell
proliferation and accelerates skin wound healing [46].
Cytokines and growth factors play a crucial role in the
wound healing process by initiating various signaling
pathways, including JAK/STAT [47]. Up-regulation of
the JAK/STAT pathway is essential in chronic wounds,
particularly when its normal function is compromised,
especially in environments characterized by cellular
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aging and reduced growth factor/receptor efficacy.
When epidermal growth factor binds to its receptor, it
triggers dimerization and tyrosine autophosphorylation
of the receptor, thereby activating the JAK/STAT
pathway. This mechanism fosters cell proliferation and
migration, which are pivotal in wound healing [48].

Recently, the fusion of bioinformatics and machine
learning has emerged as a crucial tool for identifying
novel biomarkers associated with diabetic foot
ulcers (DFUs) [49]. Prior research has hinted at
MAPK3’s potential as a biomarker linked to tissue
damage in DFUs [16]. However, investigations into
macrophage secretion and its correlation with DFUs
remain scarce. Our study leveraged machine learning
and bioinformatics techniques to re-evaluate PROS1
and shed light on its associated functions and
mechanisms. Validation sets and animal experiments
both demonstrated a reduction in PROS1 expression
within the DFU group, affirming the robustness of
our findings. Despite these promising outcomes, it’s
important to acknowledge certain limitations. Firstly,
the clinical data were sourced from public databases,
and some sample information was incomplete, notably
the absence of clinicopathological characteristics in
the GSE series. Secondly, while RNA sequencing data
supported our bioinformatics analysis, future studies
should validate these findings using clinical samples for
enhanced reproducibility and generalizability. However,
the acquisition of clinical samples posed challenges
within our limited timeframe. Lastly, further exploration
is warranted to unravel the precise mechanism of
PROS1’s action in DFUs.

CONCLUSIONS

The occurrence and progression of DFU result
from intricate interactions among multiple factors,
encompassing targets, immune cells, signaling pathways,
and diverse biological processes. These regulatory
mechanisms are collaborative and bidirectional in
nature. In aggregate, this study has pinpointed PROS1
as a potentially significant regulator in DFU through
the utilization of machine learning and bioinformatics
methodologies. Subsequently, the pivotal role of PROS1
in macrophage efflux in DFU was confirmed through
validation with external datasets, thus solidifying its
significance as a biomarker.

Abbreviations

DFU: Diabetic foot ulcer; GEO: Gene Expression
Omnibus; AGEs: Advanced glycation end products;
PCA: Principal component analysis; GSVA: Gene
Set Variation Analysis; WGCNA: Weighted Gene
Co-Expression Network Analysis; GLM: Generalized

Linear Model; XGB: Extreme Gradient Boosting;
SVM: Support Vector Machine; RF: Random Forest;
ROC: Receiver operating characteristic, KEGG: Kyoto
Encyclopedia of Genes and Genomes; GO: Gene
Ontology; MERGSs: Related genes of macrophage
efferocytosis; RTK: Receptor tyrosine kinase; TAM:
Tyro3/AxI/Mer.

AUTHOR CONTRIBUTIONS

LGB and FWJ both made equal contributions to
this work. The initial draft of the paper was written
by SHS. SHS, FWJ, and YX contributed to the study’s
execution. SHS took part in the study’s methodology
creation, review, and article editing. The final draft of
the work has been read and approved by all authors.

CONFLICTS OF INTEREST

The authors declare that they have no conflicts of
interest.

FUNDING

This work is supported by Task Description of
Scientific Research Projects of Shanghai Municipal
Health Commission (202240228) and High-level Talent
Cultivation Program for Clinical Research in Affiliated
Hospital of Shanghai University of Traditional Chinese
Medicine (2023LCRCO06).

REFERENCES

1. Zoul, Zhang W, Chen X, Su W, Yu D. Data mining reveal
the association between diabetic foot ulcer and
peripheral artery disease. Front Public Health. 2022;
10:963426.
https://doi.org/10.3389/fpubh.2022.963426
PMID:36062083

2. XiongV, Chen L, Yan C, Zhou W, Endo Y, Liu J, Hu L, Hu
Y, Mi B, Liu G. Circulating Exosomal miR-20b-5p
Inhibition Restores Wnt9b Signaling and Reverses
Diabetes-Associated Impaired Wound Healing. Small.
2020; 16:€1904044.
https://doi.org/10.1002/smll.201904044
PMID:31867895

3. Du Y, Wang J, Fan W, Huang R, Wang H, Liu G.

Preclinical study of diabetic foot ulcers: From
pathogenesis to vivo/vitro models and clinical
therapeutic transformation. Int Wound J. 2023;

20:4394-4009.
https://doi.org/10.1111/iwj.14311
PMID:37438679

4. Williams R, Karuranga S, Malanda B, Saeedi P, Basit A,

WWWw.aging-us.com

6893

AGING


https://doi.org/10.3389/fpubh.2022.963426
https://pubmed.ncbi.nlm.nih.gov/36062083
https://doi.org/10.1002/smll.201904044
https://pubmed.ncbi.nlm.nih.gov/31867895
https://doi.org/10.1111/iwj.14311
https://pubmed.ncbi.nlm.nih.gov/37438679

10.

11.

12.

Besancon S, Bommer C, Esteghamati A, Ogurtsova K,
Zhang P, Colagiuri S. Global and regional estimates and
projections of diabetes-related health expenditure:
Results from the International Diabetes Federation
Diabetes Atlas, 9th edition. Diabetes Res Clin Pract.
2020; 162:108072.
https://doi.org/10.1016/j.diabres.2020.108072
PMID:32061820

Wolf SJ, Melvin WIJ, Gallagher K. Macrophage-
mediated inflammation in diabetic wound repair.
Semin Cell Dev Biol. 2021; 119:111-8.
https://doi.org/10.1016/j.semcdb.2021.06.013
PMID:34183242

Rungratanawanich W, Qu Y, Wang X, Essa MM, Song
BJ. Advanced glycation end products (AGEs) and
other adducts in aging-related diseases and
alcohol-mediated tissue injury. Exp Mol Med. 2021;
53:168-88.
https://doi.org/10.1038/s12276-021-00561-7
PMID:33568752

Aitcheson SM, Frentiu FD, Hurn SE, Edwards K, Murray
RZ. Skin Wound Healing: Normal Macrophage Function
and Macrophage Dysfunction in Diabetic Wounds.
Molecules. 2021; 26:4917.
https://doi.org/10.3390/molecules26164917
PMID:34443506

Wang Q, Zhu G, Cao X, Dong J, Song F, Niu Y. Blocking
AGE-RAGE Signaling Improved Functional Disorders of
Macrophages in Diabetic Wound. J Diabetes Res. 2017;
2017:1428537.
https://doi.org/10.1155/2017/1428537
PMID:29119117

Khanna S, Biswas S, Shang Y, Collard E, Azad A, Kauh C,
Bhasker V, Gordillo GM, Sen CK, Roy S. Macrophage
dysfunction impairs resolution of inflammation in the
wounds of diabetic mice. PLoS One. 2010; 5:€9539.
https://doi.org/10.1371/journal.pone.0009539
PMID:20209061

Darby IA, Bisucci T, Hewitson TD, Maclellan DG.
Apoptosis is increased in a model of diabetes-impaired
wound healing in genetically diabetic mice. Int J
Biochem Cell Biol. 1997; 29:191-200.
https://doi.org/10.1016/s1357-2725(96)00131-8
PMID:9076954

Hesketh M, Sahin KB, West ZE, Murray RZ
Macrophage Phenotypes Regulate Scar Formation and
Chronic Wound Healing. Int J Mol Sci. 2017; 18:1545.
https://doi.org/10.3390/ijms18071545
PMID:28714933

Azad RK, Shulaev V. Metabolomics technology and
bioinformatics for precision medicine. Brief Bioinform.
2019; 20:1957-71.

13.

14.

15.

16.

17.

18.

19.

20.

https://doi.org/10.1093/bib/bbx170
PMID:29304189

MacEachern SJ, Forkert ND. Machine learning for
precision medicine. Genome. 2021; 64:416-25.
https://doi.org/10.1139/gen-2020-0131
PMID:33091314

Wu Z, Liu P, Huang B, Deng S, Song Z, Huang X, Yang J,
Cheng S. A novel Alzheimer’s disease prognostic
signature: identification and analysis of glutamine
metabolism  genes in  immunogenicity and
immunotherapy efficacy. Sci Rep. 2023; 13:6895.
https://doi.org/10.1038/s41598-023-33277-x
PMID:37106067

LiY,Jus, Li X, Li W, Zhou S, Wang G, Cai Y, Dong Z.
Characterization of the microenvironment of diabetic
foot ulcers and potential drug identification based on
scRNA-seq. Front Endocrinol (Lausanne). 2023;
13:997880.
https://doi.org/10.3389/fendo.2022.997880
PMID:36686438

Wang X, Jiang G, Zong J, Lv D, Lu M, Qu X, Wang S.
Revealing the novel ferroptosis-related therapeutic
targets for diabetic foot ulcer based on the machine
learning. Front Genet. 2022; 13:944425.
https://doi.org/10.3389/fgene.2022.944425
PMID:36226171

Wu Z, Li X, Gu Z, Xia X, Yang J. Pyrimidine metabolism
regulator-mediated molecular subtypes display tumor
microenvironmental hallmarks and assist precision
treatment in bladder cancer. Front Oncol. 2023;
13:1102518.
https://doi.org/10.3389/fonc.2023.1102518
PMID:37664033

Ramirez HA, Pastar |, Jozic |, Stojadinovic O, Stone RC,
Ojeh N, Gil J, Davis SC, Kirsner RS, Tomic-Canic M.
Staphylococcus aureus Triggers Induction of miR-15B-
5P to Diminish DNA Repair and Deregulate
Inflammatory Response in Diabetic Foot Ulcers. J Invest
Dermatol. 2018; 138:1187-96.
https://doi.org/10.1016/j.jid.2017.11.038
PMID:29273315

Sawaya AP, Stone RC, Brooks SR, Pastar |, Jozic I,
Hasneen K, O’Neill K, Mehdizadeh S, Head CR, Strbo N,
Morasso MI, Tomic-Canic M. Deregulated immune cell
recruitment orchestrated by FOXM1 impairs human
diabetic wound healing. Nat Commun. 2020; 11:4678.
https://doi.org/10.1038/s41467-020-18276-0
PMID:32938916

Bao W, Wang L, Liu X, Li M. Predicting diagnostic
biomarkers associated with immune infiltration in
Crohn’s disease based on machine learning and
bioinformatics. Eur J Med Res. 2023; 28:255.

WWWw.aging-us.com

AGING


https://doi.org/10.1016/j.diabres.2020.108072
https://pubmed.ncbi.nlm.nih.gov/32061820
https://doi.org/10.1016/j.semcdb.2021.06.013
https://pubmed.ncbi.nlm.nih.gov/34183242
https://doi.org/10.1038/s12276-021-00561-7
https://pubmed.ncbi.nlm.nih.gov/33568752
https://doi.org/10.3390/molecules26164917
https://pubmed.ncbi.nlm.nih.gov/34443506
https://doi.org/10.1155/2017/1428537
https://pubmed.ncbi.nlm.nih.gov/29119117
https://doi.org/10.1371/journal.pone.0009539
https://pubmed.ncbi.nlm.nih.gov/20209061
https://doi.org/10.1016/s1357-2725(96)00131-8
https://pubmed.ncbi.nlm.nih.gov/9076954
https://doi.org/10.3390/ijms18071545
https://pubmed.ncbi.nlm.nih.gov/28714933
https://doi.org/10.1093/bib/bbx170
https://pubmed.ncbi.nlm.nih.gov/29304189
https://doi.org/10.1139/gen-2020-0131
https://pubmed.ncbi.nlm.nih.gov/33091314
https://doi.org/10.1038/s41598-023-33277-x
https://pubmed.ncbi.nlm.nih.gov/37106067
https://doi.org/10.3389/fendo.2022.997880
https://pubmed.ncbi.nlm.nih.gov/36686438
https://doi.org/10.3389/fgene.2022.944425
https://pubmed.ncbi.nlm.nih.gov/36226171
https://doi.org/10.3389/fonc.2023.1102518
https://pubmed.ncbi.nlm.nih.gov/37664033
https://doi.org/10.1016/j.jid.2017.11.038
https://pubmed.ncbi.nlm.nih.gov/29273315
https://doi.org/10.1038/s41467-020-18276-0
https://pubmed.ncbi.nlm.nih.gov/32938916

21.

22.

23.

24.

25.

26.

27.

28.

29.

https://doi.org/10.1186/s40001-023-01200-9
PMID:37496049

Krause L, McHardy AC, Nattkemper TW, Pihler A,
Stoye J, Meyer F. GISMO--gene identification using a
support vector machine for ORF classification. Nucleic
Acids Res. 2007; 35:540-9.
https://doi.org/10.1093/nar/gkl1083

PMID:17175534

Babajide Mustapha |, Saeed F. Bioactive Molecule
Prediction Using Extreme Gradient Boosting.
Molecules. 2016; 21:983.
https://doi.org/10.3390/molecules21080983
PMID:27483216

Takada Y, Miyagi R, Takahashi A, Endo T, Osada N. A
Generalized Linear Model for Decomposing Cis-
regulatory, Parent-of-Origin, and Maternal Effects on
Allele-Specific Gene Expression. G3 (Bethesda). 2017;
7:2227-34.

https://doi.org/10.1534/g3.117.042895
PMID:28515049

Rigatti SJ. Random Forest. J Insur Med. 2017; 47:31-9.
https://doi.org/10.17849/insm-47-01-31-39.1
PMID:28836909

Kanehisa M, Sato Y, Kawashima M, Furumichi M,
Tanabe M. KEGG as a reference resource for gene
and protein annotation. Nucleic Acids Res. 2016;
44:D457-62.

https://doi.org/10.1093/nar/gkv1070 PMID:26476454

Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh
AA. Profiling Tumor Infiltrating Immune Cells with
CIBERSORT. Methods Mol Biol. 2018; 1711:243-59.
https://doi.org/10.1007/978-1-4939-7493-1 12
PMID:29344893

Zhou J, Huang J, Li Z, Song Q, Yang Z, Wang L, Meng Q.
Identification of aging-related biomarkers and immune
infiltration characteristics in osteoarthritis based on
bioinformatics analysis and machine learning. Front
Immunol. 2023; 14:1168780.
https://doi.org/10.3389/fimmu.2023.1168780
PMID:37503333

Uchiyama A, Motegi SI, Sekiguchi A, Fujiwara C, Perera
B, Ogino S, Yokoyama Y, Ishikawa O. Mesenchymal
stem cells-derived MFG-E8 accelerates diabetic
cutaneous wound healing. J Dermatol Sci. 2017;
86:187-97.
https://doi.org/10.1016/j.jdermsci.2017.02.285
PMID:28302404

Kim SY, Nair MG. Macrophages in wound healing:
activation and plasticity. Immunol Cell Biol. 2019;
97:258-67.

https://doi.org/10.1111/imcb.12236 PMID:30746824

30.

31

32.

33.

34,

35.

36.

37.

38.

39.

Barman PK, Koh TJ. Macrophage Dysregulation and
Impaired Skin Wound Healing in Diabetes. Front Cell
Dev Biol. 2020; 8:528.
https://doi.org/10.3389/fcell.2020.00528
PMID:32671072

Li K, Chen G, Luo H, LiJ, Liu A, Yang C, Wang J, Xu J, Gao
S, Chen P, Jiang Y. MRP8/14 mediates macrophage
efferocytosis through RAGE and Gas6/MFG-E8, and
induces polarization via TLR4-dependent pathway. J
Cell Physiol. 2021; 236:1375-90.
https://doi.org/10.1002/jcp.29944 PMID:33128793

Anderson HA, Maylock CA, Williams JA, Paweletz CP,
Shu H, Shacter E. Serum-derived protein S binds to
phosphatidylserine and stimulates the phagocytosis of
apoptotic cells. Nat Immunol. 2003; 4:87-91.
https://doi.org/10.1038/ni871 PMID:12447359

Camenisch TD, Koller BH, Earp HS, Matsushima GK. A
novel receptor tyrosine kinase, Mer, inhibits TNF-alpha
production and lipopolysaccharide-induced endotoxic
shock. J Immunol. 1999; 162:3498-503.
https://doi.org/10.4049/jimmunol.162.6.3498
PMID:10092806

Scott RS, McMahon EJ, Pop SM, Reap EA, Caricchio R,
Cohen PL, Earp HS, Matsushima GK. Phagocytosis and
clearance of apoptotic cells is mediated by MER.
Nature. 2001; 411:207-11.
https://doi.org/10.1038/35075603

PMID:11346799

Lemke G, Rothlin CV. Immunobiology of the TAM
receptors. Nat Rev Immunol. 2008; 8:327-36.
https://doi.org/10.1038/nri2303 PMID:18421305

Opneja A, Kapoor S, Stavrou EX. Contribution of
platelets, the coagulation and fibrinolytic systems to
cutaneous wound healing. Thromb Res. 2019;
179:56-63.
https://doi.org/10.1016/j.thromres.2019.05.001
PMID:31078121

Miller L, Singbartl K, Chroneos ZC, Ruiz-Velasco V, Lang
CH, Bonavia A. Resistin directly inhibits bacterial killing
in neutrophils. Intensive Care Med Exp. 2019; 7:30.
https://doi.org/10.1186/s40635-019-0257-y
PMID:31147868

Liao W, Xiao H, He J, Huang L, Liao Y, Qin J, Yang Q, Qu
L, Ma F, Li S. Identification and verification of feature
biomarkers associated with immune cells in neonatal
sepsis. Eur J Med Res. 2023; 28:105.
https://doi.org/10.1186/s40001-023-01061-2
PMID:36855207

Eming SA, Martin P, Tomic-Canic M. Wound repair and
regeneration: mechanisms, signaling, and translation.
Sci Transl Med. 2014; 6:265sr6.
https://doi.org/10.1126/scitranslmed.3009337

WWWw.aging-us.com

AGING


https://doi.org/10.1186/s40001-023-01200-9
https://pubmed.ncbi.nlm.nih.gov/37496049
https://doi.org/10.1093/nar/gkl1083
https://pubmed.ncbi.nlm.nih.gov/17175534
https://doi.org/10.3390/molecules21080983
https://pubmed.ncbi.nlm.nih.gov/27483216
https://doi.org/10.1534/g3.117.042895
https://pubmed.ncbi.nlm.nih.gov/28515049/
https://doi.org/10.17849/insm-47-01-31-39.1
https://pubmed.ncbi.nlm.nih.gov/28836909
https://doi.org/10.1093/nar/gkv1070
https://pubmed.ncbi.nlm.nih.gov/26476454
https://doi.org/10.1007/978-1-4939-7493-1_12
https://pubmed.ncbi.nlm.nih.gov/29344893
https://doi.org/10.3389/fimmu.2023.1168780
https://pubmed.ncbi.nlm.nih.gov/37503333
https://doi.org/10.1016/j.jdermsci.2017.02.285
https://pubmed.ncbi.nlm.nih.gov/28302404
https://doi.org/10.1111/imcb.12236
https://pubmed.ncbi.nlm.nih.gov/30746824
https://doi.org/10.3389/fcell.2020.00528
https://pubmed.ncbi.nlm.nih.gov/32671072
https://doi.org/10.1002/jcp.29944
https://pubmed.ncbi.nlm.nih.gov/33128793
https://doi.org/10.1038/ni871
https://pubmed.ncbi.nlm.nih.gov/12447359
https://doi.org/10.4049/jimmunol.162.6.3498
https://pubmed.ncbi.nlm.nih.gov/10092806
https://doi.org/10.1038/35075603
https://pubmed.ncbi.nlm.nih.gov/11346799
https://doi.org/10.1038/nri2303
https://pubmed.ncbi.nlm.nih.gov/18421305
https://doi.org/10.1016/j.thromres.2019.05.001
https://pubmed.ncbi.nlm.nih.gov/31078121
https://doi.org/10.1186/s40635-019-0257-y
https://pubmed.ncbi.nlm.nih.gov/31147868
https://doi.org/10.1186/s40001-023-01061-2
https://pubmed.ncbi.nlm.nih.gov/36855207
https://doi.org/10.1126/scitranslmed.3009337

40.

41.

42.

43.

44,

45.

PMID:25473038

Wang J, Ding X. IL-17 signaling in skin repair:
safeguarding metabolic adaptation of wound epithelial
cells. Signal Transduct Target Ther. 2022; 7:359.
https://doi.org/10.1038/s41392-022-01202-9
PMID:36209253

Kooistra MR, Dubé N, Bos JL. Rap1: a key regulator
in cell-cell junction formation. J Cell Sci. 2007;
120:17-22.

https://doi.org/10.1242/jcs.03306 PMID:17182900

Boettner B, Van Aelst L. Control of cell adhesion
dynamics by Rap1 signaling. Curr Opin Cell Biol. 2009;
21:684-93.

https://doi.org/10.1016/j.ceb.2009.06.004
PMID:19615876

Nakamura M, Parkhurst SM. Wound repair: Two
distinct Rap1 pathways close the gap. Curr Biol. 2023;
33:R724-6.

https://doi.org/10.1016/j.cub.2023.05.059
PMID:37433275

Skoda AM, Simovic D, Karin V, Kardum V, Vranic S,
Serman L. The role of the Hedgehog signaling pathway
in cancer: A comprehensive review. Bosn J Basic Med
Sci. 2018; 18:8-20.
https://doi.org/10.17305/bjbms.2018.2756
PMID:29274272

Wu D, Sui C, Meng F, Tian X, Fu L, Li Y, Qi X, Cui H, Liu Y,
Jiang Y. Stable knockdown of protein kinase CK2-alpha
(CK2a) inhibits migration and invasion and induces

46.

47.

48.

49.

inactivation of hedgehog
hepatocellular carcinoma

Histochem. 2014; 116:1501-8.
https://doi.org/10.1016/j.acthis.2014.06.001
PMID:24958341

signaling pathway in
Hep G2 cells. Acta

Zhu J, Chen P, Liang J, Wu Z, Jin H, Xu T, Zheng Y, Ma H,
Cong W, Wang X, Guan X. Inhibition of CK2a
accelerates skin wound healing by promoting
endothelial cell proliferation through the Hedgehog
signaling pathway. FASEB J. 2023; 37:e23135.
https://doi.org/10.1096/f].202300478RR
PMID:37594910

Belacortu Y, Paricio N. Drosophila as a model of wound
healing and tissue regeneration in vertebrates. Dev
Dyn. 2011; 240:2379-404.
https://doi.org/10.1002/dvdy.22753

PMID:21953647

Jere SW, Abrahamse H, Houreld NN. The JAK/STAT
signaling pathway and photobiomodulation in chronic
wound healing. Cytokine Growth Factor Rev. 2017;
38:73-9.
https://doi.org/10.1016/j.cytogfr.2017.10.001
PMID:29032938

Wang L, Deng C, Wu Z, Zhu K, Yang Z. Bioinformatics
and machine learning were used to validate glutamine
metabolism-related genes and immunotherapy in
osteoporosis patients. J Orthop Surg Res. 2023; 18:685.
https://doi.org/10.1186/s13018-023-04152-2
PMID:37710308

WWWw.aging-us.com

6896

AGING


https://pubmed.ncbi.nlm.nih.gov/25473038
https://doi.org/10.1038/s41392-022-01202-9
https://pubmed.ncbi.nlm.nih.gov/36209253
https://doi.org/10.1242/jcs.03306
https://pubmed.ncbi.nlm.nih.gov/17182900
https://doi.org/10.1016/j.ceb.2009.06.004
https://pubmed.ncbi.nlm.nih.gov/19615876
https://doi.org/10.1016/j.cub.2023.05.059
https://pubmed.ncbi.nlm.nih.gov/37433275
https://doi.org/10.17305/bjbms.2018.2756
https://pubmed.ncbi.nlm.nih.gov/29274272
https://doi.org/10.1016/j.acthis.2014.06.001
https://pubmed.ncbi.nlm.nih.gov/24958341
https://doi.org/10.1096/fj.202300478RR
https://pubmed.ncbi.nlm.nih.gov/37594910
https://doi.org/10.1002/dvdy.22753
https://pubmed.ncbi.nlm.nih.gov/21953647
https://doi.org/10.1016/j.cytogfr.2017.10.001
https://pubmed.ncbi.nlm.nih.gov/29032938
https://doi.org/10.1186/s13018-023-04152-2
https://pubmed.ncbi.nlm.nih.gov/37710308

SUPPLEMENTARY MATERIALS

Supplementary Table

Supplementary Table 1. The related genes of macrophage efferocytosis.

MERTK MEGS8 NFE2L2 CD14 PLGRKT GPR101 LOC124904141
TIMD4 LINCO01151 TLR3 TGM2 MIR7-3HG GPR18 LOC124904142
CD300LF SMILR ALDH2 S1PR5 C3 GAS5 LOC124904143
PLAUR LINC01150 GAPDH GABARAP CASP1 MIRLET7C LOC124904144
AXL CERNA3 ILIRN 1L33 CASP3 MIRLET7D LOC124904146
GAS6 ENSG00000255325 IL6R DYNLT1 GATA2 LINC01587 LOC124907963
MIAT PPARG PTPN6 MIR126 ANXA2 MIR125A LOC124907964
HAVCR1 CALR CLU ST2 SIRPA MIR216A LOC124907965
SMAD5-AS1 APOE IL1B MPO ALOX12 MIR409

HMGB1 NCF1 EGLN3 NLRP3 IFNB1 SNHG14

RHOA IGF2R NTN1 ANXA1 XRCC4 MIR190B

CD274 RMRP LGALS3 FPR2 QPCTL MIR379

CD4a7 ITGB3 TNFSF13B MSR1 XKR4 RAB4B-EGLN2

PLG ITGAV CRK WDFY3 MIR33A MIR1293

TYRO3 TREM2 IRF3 LINC02605 MIR33B RNU2-1

MIR34A UCP2 NRF1 SIRT6 TMEM256-PLSCR3 PWAR4

FN1 ACKR2 SFTPD RAB17 PWAR1 TRA-TGC7-1

PROS1 MBL2 UBE2D3  SERPINA1 LINC01672 MBL3P

ITGB5 MIR21 SIAH2 PLCG1 PWARG TRA-TGC5-1

SCARB1 NRP2 ALOX15B VTN SOD2-0T1 LOC124904135

PHACTR1 TGFB1 LGR6 ABCG1 PGR-AS1 LOC124904136

SIRT1 TGFB3 CD5L ABCC11 TRE-TTC3-1 LOC124904137

ABCAl IL6 FGL2 EDIL3 LOC106694316 LOC124904138

ADAM9 TLR9 FPR3 SCARF1 MTOR LOC124904139

KNG1 MFGES8 ID3 MIR148B ELANE LOC124904140
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