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ABSTRACT 

 Diabetes mellitus is a metabolic disease that affects every part of the human body including the 

skin. One of the most common complications of diabetes is skin disorders, including skin infections and 

diabetic foot ulcers (DFUs) that account for the majority of diabetes-associated limb amputation and 

hospitalizations, and result in a reduction in quality of life and economic burden. 

 The etiology of DFU involves the patients’ genetics, microbiome, and environmental factors that 

together affect the severity, response to treatment, and outcome of ulcers. Long-term high blood sugar in 

diabetics can lead to changes in skin texture, appearance, and ability to heal, yet the underlying molecular 

mechanisms are understudied. To date, studies on the genetics of DFUs consider the expression of genes 

individually and ignore the effect of their coordinated expression in biological systems. Here, we use 

network analysis and topological properties to systematically investigate the dysregulated gene co-

expression patterns in type II diabetic skin with transcriptome profiles of skin samples from the Genotype-

Tissue Expression database. Our work reveals a novel mechanism (miR-21-PPARA-NCOA6) associated 

with the dysregulation of keratinocyte proliferation, differentiation, and migration in diabetic skin, where 

NCOA6 is the hub gene and KHSRP and SIN3B are key coordinators. Additionally, we build a TF-miRNA-

mRNA regulatory network to describe its interactive connections. 

 With respect to the skin microbiome, the impaired immune response of diabetics may fail to prevent 

bacterial colonization in affected tissue resulting in chronic infection and biofilm production. First, we 

review the latest literature on DFU microbiology unveiled by next-generation sequencing technologies and 

discuss the limitations and the promises of these approaches in measuring and monitoring wound 

progression. Then, we conduct a meta-analysis across publicly available DFU microbiome datasets to assess 

the effect of demographic and technical factors on the resulting microbiome and leverage this harmonized 

dataset to train a predictive model for the wound outcome. We show that the wound microbiome predictive 

model can classify DFUs as healing or seriously infected, and that the presence of two bacterial genera, 

Actinomyces and Brevibacterium (Actinomycetia), are strong predictors of wound status. Our work also 

demonstrates the significant impact of the study cohort, geographic location, sampling method, and 
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sequencing region on the observed DFU microbiome, and reveals how such factors can obscure pathogen 

detection. Lastly, we develop a web-based database called WoundDB, which is a repository for both cross-

sectional and longitudinal datasets that will enable the reuse of wound-relevant microbiome data in future 

studies. 

 This dissertation explores different facets of DFUs including host genetics and skin microbiome, 

and offers (1) new insights into molecular mechanisms associated with susceptibility to cutaneous diseases 

in diabetic populations; (2) a deeper understanding of DFU microbiome and molecular sequencing 

techniques used for profiling; (3) a predictive model that associates DFU healing status with corresponding 

dynamic microbiome for wound outcome classification; and (4) an online database called WoundDB that 

provides a user-friendly interface for querying and downloading wound-relevant microbiome data. This 

work expands our knowledge of the etiology of DFUs towards the development of wound management and 

diagnostics. 

INTRODUCTION 

1.1 Importance and Societal Impacts of Diabetes and Diabetic Foot Ulcers 

 Diabetes mellitus (DM) is a chronic disease characterized by elevated blood sugar over a prolonged 

period of time. Importantly, the disease has been recognized as a global public health problem affecting 

approximately 537 million adults worldwide, and its incidence is predicted to increase by 46% in the next 

25 years1. Due to high blood sugar, known as hyperglycemia, poorly controlled diabetes can lead to serious 

damage to multiple organs including the heart, blood vessels, eyes, kidneys, and nerves. However, one of 

the most common, severe, and costly complications in diabetic patients is diabetic foot ulcer (DFU) which 

is an open wound usually located in the area of the foot. About 15 - 25% of patients with diabetes will have 

at least one foot ulcer during their lifetime2,3. Worldwide, DFU is a leading cause of lower extremity 

amputation: 40% to 60% of nontraumatic lower-limb amputations are caused by diabetic complications, 

and 80% of these amputations are linked to DFU4–6. The five-year mortality of minor and major amputation 
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is 46.2 and 56.6% for DFUs7,8. In addition to the severe impact on patients’ quality of life, the economic 

burden inflicted on diabetic foot care is considerable with an estimated annual cost in the United States 

ranging from $9 to $13 billion9. Considering significant patient and societal impacts, it is critical to better 

understand factors leading to poor patient outcomes and assess the current wound management and 

treatment strategies of DFUs. 

 The etiology of DFU involves both host-related disturbances and pathogen-related factors10,11 (Fig. 

1). Indeed, skin health is an interdependent relationship between the human host and the skin microbiome. 

In a healthy state, commensal microbes co-exist with their human hosts and protect the host from being 

colonized by pathogens11. In the context of a skin injury, the host immune system triggers an inflammatory 

cascade to initiate the healing process and prevent pathogen invasion12. Importantly, commensal microbes 

can be distinguished from pathogens based on pathogen-associated molecular patterns (PAMPs) or 

molecules that are associated with infectious agents in the affected tissue12,13. In DM patients, the long-term 

hyperglycemia decreases the elasticity of blood vessels and causes them to narrow. This poor blood flow, 

known as ischemia, can impair immune function and delay wound healing. At the same time, excess blood 

sugar damages the small blood vessels that supply the nerves resulting in nerve damage called neuropathy, 

which leads to a loss of feeling and may cause wounds to go undetected. Hyperglycemia also contributes 

to changes in immune system function such as increased inflammatory responses and reduced bactericidal 

activity. The combination of peripheral neuropathy, ischemia, and hyperglycemia impedes the process of 

healing in DM patients by reducing the immune response and natural defense mechanisms13. 
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Figure 1. Illustration of diabetic foot ulcers. Long-term hyperglycemia in DM patients contributes to 
neuropathy and ischemia that leads to chronic ulceration and the impaired immune response caused by high 
blood sugar may fail to prevent pathogens that lead to infection in the open wound. 

Here, we will first review the host factors and genetics involved in DFUs (section 1.2.1) and the 

statistical methods and applications used to understand them (section 1.2.2). Then, we will explore the skin 

microbiome impacts on DFU (section 1.3.1) and the research methods allowing a deeper understanding of 

the wound microbiome (section 1.3.2 -1.3.4). 

1.2 Host Factors Affecting Wound Healing in Diabetic Patients 

1.2.1 Genetic and Molecular Basis of Wound Healing and Diabetic Foot Ulcers 

 Normal wound healing involves three main phases: acute inflammation, proliferation, and 

remodeling14,15, all are essential for the replacement and restoration of damaged tissue to a functional state. 
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Following a breach of the skin barrier, the immune response activates different cells, including fibroblasts, 

endothelial cells, phagocytes, platelets, and keratinocytes, to release cytokines and growth factors mediating 

the wound healing process16. Cytokines and growth factors facilitate cellular interactions and regulate 

angiogenesis17,18. The inflammatory reaction, i.e. migration, penetration, proliferation, and differentiation 

of these cells to the site of concern, results in tissue regeneration and wound closure19.  

However, clinical and experimental evidence suggests that wound healing of DFUs is impaired and 

does not follow a systematic sequence of healing20. Defects or dysregulation have been observed at both 

cellular and molecular levels and in all phases of the wound healing process, involving improper 

angiogenesis, inflammation, expression of gap junction proteins, matrix metalloproteinases, and disordered 

immune response15,20. For example, the expression of toll-like receptor 2 (TLR2), a member of toll-like 

receptors governing the majority of involved processes15,21, has been found to be downregulated in type II 

diabetes (T2DM) wounds compared to control wounds but tends to increase with the severity of T2DM 

wounds22. Such persistent TLR2 signaling in diabetic wounds may lead to hyper inflammation in the wound 

microenvironment as well as the development of high-grade chronic wounds23. Moreover, a number of 

studies have revealed the changes in the production of growth factors and cytokines in the diabetic skin, 

like the decreased expression of insulin-like growth factor 1 (IGF1), interleukin 8 (IL8), Interleukin 10 

(IL10), and transforming growth factor beta 1 (TGF-β1), and the increased expression of angiopoietin 2 

(ANGPT2)15. These changes can affect the function of multiple cell types resulting in reduced chronic 

wound healing in DM patients. In addition to gene expression, microRNAs have also been demonstrated to 

be essential for angiogenesis and wound healing by regulating the expression of target genes in various skin 

cells20. For example, the mir-210, induced by Hypoxia-inducible factor 1 alpha (HIF-1α) under the ischemic 

model, may reduce keratinocyte proliferation by silencing the expression of E2F324.  

These results suggest that the genetic basis underlying the impaired wound healing in DM patients 

is not due to a single cause but instead is the consequence of multiple altered molecular mechanisms 

affected by long-term hyperglycemia. An in-depth understanding of these complex genetic mechanisms is 
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necessary to advance our understanding of the pathophysiology of wound healing in DFUs and further 

allow the development of targeted therapies. 

1.2.2 Gene Expression Analysis to Reveal Genetic Variants 

 A gene is a basic unit of genetic material that encodes the synthesis of functional products including 

RNA or protein. Gene expression is the process by which gene sequences are transcribed into gene products 

and ultimately affect a phenotype. Thousands of genes expressed in a particular cell dictate cell functions 

while alterations in gene expression can disrupt normal biological activities leading to a health condition. 

Therefore, altered gene expression levels can help to identify genetic variants associated with diseases. 

 The development of RNA-seq has recently enabled a comprehensive assessment of gene expression 

in biological samples. Importantly, this method simultaneously detects changes in gene expression of 

thousands of genes, which can be used to identify the molecular basis of phenotypic differences. 

Importantly, public genomic databases like the Genotype-Tissue Expression (GTEx), Gene Expression 

Omnibus (GEO), and Cancer Genome Atlas (TCGA) provide resources for gene expression data to study 

human gene expression and regulation and its relationship to genetic variation. Additionally, a number of 

computational methods have been developed to associate differences in gene expression with health states 

and identify genetic determinants of diseases. Here we review two main methods applied for high-

throughput RNA-seq datasets: (A) differential expression analysis and (B) gene co-expression analysis. 

1.2.2.1 Differential Expression Analysis (DEA) 

 Most high-throughput sequencing experiments involve small replicate numbers, discreteness, large 

dynamic range, and the presence of outliers, which require the use of dedicated statistical methods, such as 

edgeR, DESeq2, and limma for differential expression analysis25–27. These tools follow a consistent 

approach composed of two steps: 1. Estimating the magnitude of differential expression between two or 

more conditions based on gene counts from replicated samples, i.e., calculate the fold change of gene counts, 
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taking into account the differences in sequencing depth and variability; 2. Estimating the significance of 

the differential expression and correcting for multiple testing28,29. 

 These tools have enabled the identification of differentially expressed (DE) genes potentially 

implicated in diabetic skin disorders. For example, Wu et al. examined gene expression changes of 56,138 

transcribed genes on 74 T2DM cases and 148 non-diabetes controls from the GTEx database v6 version30. 

The authors used DESeq2 on the RNA-seq data to identify 182 DE genes in the human skin of T2DM (FDR 

q-value < 0.2). In particular, they found that genes implicated in the cell adhesion molecules pathway 

(NCAM1 and L1CAM) and collagen family (PCOLCE2 and COL9A3) were downregulated, suggesting 

structural changes in the skin of T2DM. Similarly, Lin et al. used tools such as FunRich, STRING, and IPA 

to identify a total of 420 downregulated DE genes in diabetic keratinocytes compared to normal 

keratinocytes31. Strikingly, comparisons of the results obtained by Wu et al. and Lin et al. demonstrate that 

the DE genes identified by each study are very distinct. Therefore, differential expression analysis with 

different statistical methods is not always consistent and should be validated by further experiments. 

1.2.2.2 Gene Co-expression Analysis 

An alternative to the classic DE analysis is the use of gene co-expression analysis. Instead of 

working individually, genes interact with each other and together affect human health. For example, the 

synthesis of hemoglobin requires coordinated production of gene transcripts for both heme and globin. 

Studies have shown that each gene is estimated on average to interact with four to eight other genes and to 

be involved in ten biological functions32,33. To model these complex gene-to-gene interactions, network-

based methods, called gene co-expression networks, have been proposed. Contrary to differential 

expression analysis that focuses on pairwise gene comparisons, gene co-expression analysis captures co-

expression patterns across many genes and can reveal complex interactions. 

● Basis of gene co-expression network 

In a gene co-expression network, the nodes represent genes and the edges represent an interaction 

between the concerned genes. To obtain these interactions, the absolute value of the Pearson correlation is 
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used to measure the similarity between gene expression profiles. Then, using an adjacency function, the 

similarity between gene expression is transformed into the connection strength between each pair of nodes. 

According to the adjacency function applied, co-expression networks can be divided into unweighted 

networks and weighted networks. 

In unweighted networks, the most widely used adjacency function is the signum function which 

implements the “hard” threshold parameter 𝜏 (Eq. 1): 

𝑎!" = 𝑠𝑖𝑔𝑛𝑢𝑚(𝑠!" , 𝜏) ≡ {#,!%	'!"()
*,!%	'!"+) (Eq. 1) 

This adjacency function determines whether or not a pair of nodes is connected. While this hard 

thresholding method is an intuitive network concept, it may lead to a loss of information34. For example, if 

𝜏 has been set to 0.8, there will be no connection between two genes if their Pearson similarity equals 0.79. 

To avoid the disadvantages of hard thresholding, two types of “soft” adjacency functions are proposed in 

weighted networks. One is the sigmoid function, and the other one is the power adjacency function, both 

of which lead to very similar results in network generation34. It has been shown that the connectivity 

measures from weighted networks consistently perform better than those from unweighted networks and 

yield more robust results34. 

● Weighted gene co-expression network analysis and network metrics 

 Weighted gene co-expression network analysis (WGCNA) is a statistical method used to identify 

clusters (modules) of highly connected genes, to explore the relationships between gene modules and 

external sample traits, and identify eigengenes (hub genes)35. Because the metabolic networks have been 

found to display approximate scale-free topology, WGCNA makes use of this fact to pick the threshold 

parameter of adjacency function for node connectivity calculation34. Studies on WGCNA methods have 

provided theoretical and empirical evidence that the weighted topological overlap measure leads to more 

cohesive and biological meaningful modules in gene module clustering compared to unweighted 

counterpart34,36. 
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As reproduced in Fig. 2, a WGCNA analysis includes: (1). Calculating the absolute value of the 

Pearson correlation 𝑠!" = |𝑐𝑜𝑟(𝑖, 𝑗)|, which measures the similarity between the expression profiles of 

genes i and j; (2). Transforming the co-expression similarity 𝑠!" into 𝑎!" via the power adjacency function 

𝑎!" = 𝑠!",. In this function, 𝛽 ≥ 1 is a soft threshold determined by the scale-free topological criterion and 

is known as the model fitting index 𝑅-. In the linear model, this value regresses according to 𝑙𝑜𝑔(𝑝(𝑘)) on 

𝑙𝑜𝑔(𝑘) as the degree distribution of scale-free networks follows a power law 𝑝(𝑘) 	∼ 	𝑘./; (3). Identifying 

gene modules using topological overlap dissimilarity measures36 which have been shown to result in 

biologically meaningful modules when clustered using hierarchical clustering. Each module has an 

eigengene (ME) defined as the first principal component of the module representing its overall expression 

level; (4). Relating gene modules to external traits by calculating the p-value of the correlation between the 

expression level of each ME to each trait variable 𝑐𝑜𝑟(𝑀𝐸, 𝑡𝑟𝑎𝑖𝑡) ; (5). Mapping disease-associated 

modules to functional pathways to reveal their underlying biological mechanisms; (6). Identifying hub 

genes of disease-associated modules. 

 

Figure 2. WGCNA flowchart 

To identify the central players within the module, WGCNA provides two main measures for the 

intramodular importance of each gene. One is gene significance (GS) which is defined as the absolute value 

of the correlation between the i-th gene expression profile 𝑥! and the sample trait 𝑐𝑜𝑟(	𝑥! , 𝑡𝑟𝑎𝑖𝑡). Genes 
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with high GS may represent their significant associations with the phenotypic trait. Another measure is 

module membership (MM) which is based on the metrics of intramodular connectivity. It is defined as the 

correlation between the expression level of ME and the i-th gene 𝑐𝑜𝑟(𝑀𝐸, 𝑥!), where the higher the MM, 

the higher connectivity the gene has inside of the module. The potential driver genes (hub genes) are always 

the genes with high GS and MM values from the disease-associated modules. In addition to the node 

connectivity (degree), network centrality measures especially the betweenness centrality (BC) are often 

used to identify a gene’s importance37. BC is a network topological characteristic defined as the number of 

shortest paths passing through a node divided by all shortest paths. It represents the ability of a node that 

transfers information in a module, where genes with high BC are considered to be more biologically 

informative that are responsible for transferring communication information38.  

● Biomarker discovery with weighted gene co-expression network analysis 

 In recent years, WGCNA was applied to detecting co-expression gene modules in various 

biological fields. In 2014, Kogelman et al. identified five gene modules from pig adipose tissue that were 

strongly correlated with at least one obesity-related phenotype (P < 0.001) using R package WGCNA39. In 

Medina and Lubovac-Pilav’s research, WGCNA provided a basis for the identification of potential 

pathways and biomarker genes that may be involved in the development of type 1 diabetes38. In 2017, Liu 

and Zhao identified 17 common regulatory pairs related to extracellular space shared in 11 cancers based 

on the 110 co-expression networks from long non-coding RNAs and cancer genes40. Around the same time, 

Zhu et al. proposed a meta-analytic framework for detecting differentially co-expressed networks in breast 

cancers and found supermodules relevant to the immune response pathway, complement cascades pathway, 

and extracellular matrix pathway41. In early 2018, the application of WGCNA on oral squamous cell 

carcinoma identified two sets of novel miRNAs associated with the disease, as well as confirmed the results 

on previously published miRNAs associated with carcinoma42. 

 To date, a number of DE genes have been identified that are potentially relevant to diabetic skin 

disorders but the results are limited to pairwise comparisons that don’t take into account patterns of gene 

co-expression. The above applications demonstrate the potential of WGCNA approaches to discover gene 
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modules and their central players (i.e., hub genes) that are pivotal to the impaired immune responses in 

diabetic skin. 

1.3 Role of the Skin Microbiome in Diabetic Foot Ulcers 

1.3.1 Bacteria Infection and Colonization Causing Chronic Diabetic Foot Ulcers 

 Skin is a body site naturally harboring a rich community of commensal bacteria, fungi, and viruses 

that compose the skin microbiome43. These commensal microbes are central in the human host by 

colonizing healthy skin and preventing the growth of pathogens4,11. When an injury occurs in DM patients, 

the impaired immune responses increase the risks of colonization of the wound by pathogenic bacteria and 

the resulting infection promotes the development of persistent inflammation. Importantly, aside from 

environmental pathogens, skin commensal bacteria can also participate in wound colonization and 

contribute to the formation of a biofilm in the wound44. This multi-layered microbial community is 

surrounded by a self-produced protective extracellular biofilm45, which is difficult to resolve especially 

when local access to antimicrobial agents and the host’s immune system is hampered46. Commensals like 

coagulase-negative Staphylococcus, Corynebacterium, and Propionibacterium, which are considered 

beneficial bacteria in healthy skin microbiota have also been found to be implicated in chronic wound 

infections43,46. Moreover, polymicrobial interactions may modulate the pathogenic potential of other 

community members47,48. Indeed, some bacterial species themselves are non-pathogenic or not capable of 

maintaining a chronic infection individually but have the potential to co-aggregate symbiotically in a 

pathogenic biofilm and act synergistically leading to infection chronicity44,50. Therefore, understanding the 

complex interactions between bacterial species in the DFU-associated microbiome and their impact on 

patient outcomes is critical to the development of personalized therapies. 

1.3.2 Molecular techniques provide novel insights into microbial communities in DFUs 

 Currently, culture-based methods are the gold standard for identifying bacteria but are limited by 

the time required to achieve results and the difficulty in culturing the vast majority of bacteria. In contrast, 
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next-generation sequencing methods (NGS) such as 16S rRNA amplicon sequencing and metagenomics 

are culture-independent and can avoid these drawbacks and provide a comprehensive and precise 

description of the microbial populations found in wounds using the genetic content of the entire community. 

Studies using 16S rRNA amplicon sequencing have revealed that the DFU-associated microbiome is 

polymicrobial in nature and can contain diverse organisms that are not detected using traditional culture-

based methods44,50,51. Dowd et al. have shown that in addition to the commonly cultured aerobic (or 

facultative) bacteria like Corynebacterium, Staphylococcus, and Enterococcus spp., the obligate anaerobes 

including Bacteroides, Peptoniphilus, Fingoldia, Anaerococcus, and Peptostreptococcus spp. are 

ubiquitous in diabetic ulcers, forming a significant portion of the wound biofilm communities49. 

● Characteristics of the DFU-associated microbiome 

 NGS methods have been leveraged to investigate the differences in the DFU-associated microbial 

community composition and the composition of the healthy skin. Several studies like Gontcharova et al., 

Gardiner et al., and Park et al. have found that the microbial community found in DFUs is less diverse than 

in control skin52–54. In addition, Gardiner et al. demonstrated that the significant differences in microbial 

communities between diabetic and control skin were driven by very low abundant organisms (average 

relative abundance < 1%) while the dominant taxa of skin communities were found to be similar between 

groups, including Staphylococcus, Acinetobacter, and Corynebacterium53. 

Importantly, studies have suggested a link between the wound-associated microbial community 

composition and the severity of infection. Indeed, severely infected DFUs have an altered microbial 

community structure compared to milder or more moderate infections4. In 2017, Malone et al. found that 

infected DFUs with a long duration (≥ 6 weeks) had a more diverse microbiome than rapidly healed ones55. 

Similarly, Park et al. analyzed the influence of microbial communities on the severity of the infection and 

found that the proportions of Bacteroidetes, Prevotella, Peptoniphilus, Porphyromonas, and Dialister were 

higher in the severe group than in the mild group, whereas that of Firmicutes was lower in the severe group54. 

In 2020, Jnana et al. also reported that the composition of core microbial communities varies with wound 
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severity, where facultative anaerobes, such as Prevotella, Finegoldia, Propionibacterium, and Clostridium, 

were dominant in severe wounds while strict anaerobes were abundant in mild ones56. 

● The wound microbiome is dynamic 

As the wound microbiome is not only a complex but also a dynamic microbial community that 

evolves with wound progression and applied treatments, it is important to take into account the changes in 

bacterial loads and composition to characterize the DFU microbiome4,44. To capture the dynamics of the 

microbial diversity and composition in DFUs, several longitudinal studies have been designed with 

temporal sampling in the same wound to observe the microbial changes over time and potential treatment 

effects. In 2017, Loesche et al. followed a cohort of DFU patients for which up to 14 samples per patient 

were obtained over a period of 26 weeks. Their results showed transition patterns in the microbial 

communities associated with wound healing, in particular, they suggested that a more dynamic DFU-

associated microbiome tended to be associated with a positive patient outcome57.  

MacDonald et al. also leveraged a longitudinal patient cohort to study the trajectories of microbial 

communities associated with DFUs that eventually healed versus those associated with DFUs that 

necessitated an amputation. The authors suggested that healing DFUs had a higher abundance of 

Actinomycetales and Staphylococcaceae, while non-healing DFUs showed higher abundances of 

Bacteroidales and Streptococcaceae58. Importantly, the facultative anaerobes, in particular of the genus 

Enterobacter, were found to be significantly associated with poor patient outcomes, a finding supported by 

other studies59. Overall, understanding the temporal patterns and community dynamics of the diabetic foot 

microbiome provides the potential to discover important prognostic information on the clinical outcomes. 

1.3.3 Current Challenges in DFU Microbiome Studies and the Need for Meta-analysis and 
Harmonization Efforts 

 Despite recent advances in using molecular-based approaches to understand the diabetic foot 

microbiome, patient cohorts are limited and often produce inconsistent and sometimes contradictory results. 

For example, studies including Gardiner et al., Gontcharova et al., and Park et al. suggested that DFUs 
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harbored a reduced bacterial diversity compared to normal healthy skin, while an opposite result was 

reported by Oates et al. that the bacterial diversity is greater in DFUs60. These contradictory findings may 

be explained by personal factors such as demographic characteristics, the grade of wound severity, and 

antibiotic treatment44. This leads authors from multiple studies, such as Malone et al. and Gardiner et al., 

to point out the small size of their cohort as an important limitation of their study and suggest that larger 

cohorts are necessary for stronger conclusions that take into account biological variations53,61. 

In addition to personal factors, differences in sampling and sequencing protocols can also lead to 

inconsistencies across DFU studies. Indeed, the sampling method in skin microbiome studies has been 

suggested to have a large impact on the observed microbial diversity and richness44. In particular, the choice 

of swab sampling rather than tissue sampling has been proposed to impact the microbial community 

observed. This may be due to the fact that deep diabetic foot wounds are more diverse and complex than 

the superficial skin microbiota62. Hence, the swab sampling approach may miss anaerobic species in severe 

wounds that are only present in the deeper location of the microbial biofilm56. However, it is important to 

note that several authors reported no significant effect of the sampling method on the microbiota 

observed53,63. Moreover, reagent and laboratory contamination can critically affect sequence-based 

microbiome analyses, especially when examining samples with low biomass where contaminants can 

outnumber endogenous microorganisms within samples64,65. 

Finally, amplicon sequencing approaches like 16S rRNA sequencing are subject to biases during 

PCR amplification. Indeed, no universal SSU rRNA primers exist, and primer choice affects the 

amplification efficiency of different microbial phyla4. This limitation was explored in Gardiner et al., in 

which the authors pointed out that the use of the hypervariable region V4 of the 16S rRNA gene did not 

allow for differentiation between Staphylococcus aureus and other Staphylococcus species found on the 

skin53. Additionally, the V4 primers are known to be biased against the detection of Propionibacterium, an 

important genus in the skin microbiome66. 

Overall, the biological variability that is not efficiently captured by small cohorts, along with 

inconsistencies due to sampling and sequencing methods, is a major limitation in our current understanding 
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of the DFU-associated microbiota. A meta-analysis combining microbiome studies across common traits is 

robust and generalizable to discover consistent patterns that characterize disease-associated microbiome 

changes67,68. For example, Duvallet et al. performed a cross-disease meta-analysis of 28 published case-

control gut microbiome studies spanning 10 diseases, among which 8 digestive diseases were found to be 

associated with consistent patterns of disease-associated microbiome changes69. However, meta-analysis 

efforts are rendered difficult by specific features of clinical research, such as large and complex datasets 

and heterogeneity in experimental methodology70. Therefore, proper harmonization of datasets is required 

for each study to ensure the quality and utility of aggregated data, which also allows extensive secondary 

analyses. 

1.3.4 Predictive Model for Disease Classification Based on Microbial Features 

 The harmonization and normalization of several metagenomic datasets can be leveraged to inform 

machine-learning models, in particular classifiers, that can be trained to predict disease status or patient 

outcomes71. Machine learning models can leverage large-scale and high-dimensional datasets, such as 16S 

rRNA sequencing data, to identify the patterns of microbial composition by disease state72–74. 

Among a large number of machine-learning approaches, the random forest model has been reported 

as one of the most effective machine learning methods for microbiome data. The high predictive accuracy 

for the classification of disease states using a random forest model has been verified by a variety of 16S 

rRNA datasets67,68,75. Statnikov et al. conducted a comprehensive evaluation of multicategory classification 

methods for microbiome data and found that random forests with optimized parameters were the nominally 

best performing classifier among 18 major classification methods (including support vector machines, 

kernel ridge regression, and Bayesian logistic regression with Laplace priors)75. Random forest modeling 

is a supervised learning approach used for classification and regression that operates by constructing a set 

of decision trees. Each tree is built on a bootstrap sample of the training data using a randomly selected 

subset of features while the output of the random forest for classification tasks is the class selected by most 

trees76. This type of model is particularly suited to microbiome data because (i) it is relatively insensitive 
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to a large number of irrelevant features and reduces the overfitting problem in decision trees; (ii) it 

incorporates interactions between predictors; (iii) it allows the algorithm to learn accurately both simple 

and complex classification functions; and (iv) classification accuracy often can be achieved with default 

parameterization such that little fine-tuning is required75,76. 

 With an increasingly large number of available NGS data, multiple studies have leveraged a random 

forest predictive modeling approach to distinguish between disease status or predict clinical outcomes using 

microbial features. For example, Teng et al. developed a random forest model named Microbial Indicators 

of Caries to predict the onset of early childhood caries by the dynamics of disease-associated microbiota73. 

In 2020, Fukui et al. establish a random forest predictive model for identifying irritable bowel syndrome 

patients by the fecal microbiome77. More recently, Dang and Kishino detected patterns in the microbiome 

associated with Clostridioides difficile infection and colorectal cancer by random forest78. These 

applications demonstrate the applicability of random forest in classifying wound outcomes based on the 

diabetic foot microbiome across multiple 16S rRNA studies, which can lead to a predictive model for 

clinical diagnostics. 

PRESENT STUDY 

 The purpose of this dissertation is to explore the complex interplay between human genetics and 

skin microbiome in DFUs and contains three manuscripts included as Appendix A, B, and C. In Appendix 

A, we leverage network analysis and topological properties to systematically investigate dysregulated gene 

co-expression patterns in type II diabetic skin, in a research article published in Scientific Reports. In 

Appendix B, we review the dynamic wound microbiome, in a literature review article published in BMC 

Medicine. Finally, Appendix C is a study, currently under development, that uses a meta-analysis approach 

of previously published DFU microbiome studies to evaluate the impact of demographic and technical 

factors on the microbial community composition observed in DFUs. As part of this study, a harmonized 

dataset containing multiple studies was developed to train a predictive machine learning model for DFU 
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outcomes, as well as to develop an online database called WoundDB. By exploring different facets of DFUs 

including host genetics and skin microbiome, this dissertation will advance our knowledge of the etiology 

of DFUs and will promote the development of wound management and diagnostics.  

The detailed introduction, methods, results, discussion, and conclusions are described in the 

appended materials. Following is a summary of each manuscript. 

2.1 Network Analysis Reveals Dysregulated Functional Patterns in Type II Diabetic Skin 

 People with diabetes have a higher risk of cutaneous diseases and skin infections but the underlying 

molecular mechanisms are largely unknown. Relevant studies to date are limited to pairwise comparisons 

of individual genes to examine differentially expressed genes and ignore the impact of the interactions 

between genes in biological systems. Here, we present a systematic investigation of gene co-expression 

patterns and disease hub genes in type II diabetic (T2DM) skin with large-scale transcriptome profiles from 

the Genotype-Tissue Expression database. We used a weighted gene co-expression network analysis to 

detect dysregulated gene modules in T2DM skin and identify hub genes based on the network topological 

properties. Our work shows that two gene modules were significantly correlated to T2DM and involved in 

lipid metabolism, activated by PPARA and SREBF. NCOA6 was the hub gene while KHSRP and SIN3B 

were key coordinators that influenced molecular activities differently between T2DM and non-T2DM 

populations. We revealed a novel mechanism (miR-21-PPARA-NCOA6) associated with the dysregulation 

of keratinocyte proliferation, differentiation, and migration in diabetic skin and built a TF-miRNA-mRNA 

regulatory network to describe its interactive connections. Our findings provide new insights into the 

susceptibility of skin disorders in T2DM patients. Identified hub genes and key regulators may serve as 

therapeutic targets to improve diabetic skin care. 

2.2 The Dynamic Wound Microbiome 

 DFUs are a serious complication of diabetes, affecting upwards of one-third of people with the 

disease. Significant morbidity and mortality are associated with DFUs that account for the majority of all 
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limb amputations, and the majority of hospitalizations due to diabetes complications. Accurate 

identification of causative pathogens in DFUs is a critical component of effective treatment. The next-

generation sequencing technologies have created a wealth of data on the structure and function of the 

microbiome in diverse environments. Here, we synthesized recent advances in the wound microbiome 

literature to define how molecular technologies can be used by clinicians to better diagnose, measure, and 

monitor wounds. In particular, we highlight the temporal patterns and system dynamics in the diabetic foot 

microbiome to assess wound progression and medical intervention to explore the feasibility of molecular 

diagnostics in clinics. Our review documents state-of-the-art techniques with a side-by-side comparison of 

these approaches, which is fundamental for assessing the wound microbiome that is of broad interest to the 

community for all human microbiome diagnostics. 

2.3 WoundDB: a Web-resource for the Reuse and Meta-analysis of Microbial Communities 
in Diabetic Foot Ulcers and Other Chronic Wounds 

 The skin microbiome plays an important role in wound progression of DFUs as the colonization of 

pathogenic bacteria within the affected tissues results in infections that promote the development of 

persistent inflammation and chronic healing. Advances in molecular techniques enable comprehensive 

profiling of wound microbiome but the heterogeneity of results across studies highlights the presence of 

biases due to limited cohorts and/or variable experimental and sequencing protocols. Here, we performed 

a meta-analysis across seven publicly available DFU microbiome datasets to explore the effect of 

demographic and technical factors on the observed microbial community composition. The harmonized 

dataset was used to train a random forest predictive model for the healing status outcome. Our work 

demonstrates that the study cohort, geographic location, sampling method, and sequencing region 

significantly influence the observed microbial composition of DFUs. This observation is particularly 

relevant since the identification of causative pathogens to poor patient outcomes may be masked by this 

variability. The predictive model provided the potential to classify DFUs as healing or seriously infected 

based on the wound microbiome, of which the important microbial features might act as indicators of wound 
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status. Further, we built a web-based, user-friendly database WoundDB to search both cross-sectional and 

longitudinal datasets. This resource overcomes the limitations of current repositories that focus on a single 

data type and improves the reproducibility of wound-relevant microbiome data. 

FUTURE WORK 

 This dissertation explores the role of human genetics and skin microbiome in the DFUs 

using state-of-the-art network analysis and machine learning algorithms. In our proposed 

molecular mechanism of dysregulated keratinocyte functions in diabetic skin, further experimental 

validation is needed to confirm the candidate biomarkers and their putative miRNAs and TFs. The 

validated biomarkers are of clinical importance and can sever as therapeutic targets to improve 

diabetic skin care. Meanwhile, ongoing development will extend WoundDB to more skin 

microbiome-relevant topics which allow for the exploration and comparison of the microbiome in 

DFUs versus other types of wounds as well as the normal skin. The specificity of the DFU 

microbiome will provide insights into causative pathogens leading to chronic infections, which 

promotes the effective treatment of DFUs. Additionally, it is important to conduct a study that 

combines the human genetics and the corresponding skin microbiome to better understand their 

respective contribution to the etiology of DFUs as well as their joint impact on the genotype and 

phenotype of diabetic skin. Particularly, advanced machine learning has the potential to identify 

both the molecular biomarkers and microbial components that are relevant to the disease, which 

can aid in the drug discovery and the clinical diagnosis of DFUs. 
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Abstract 

 Skin disorders are one of the most common complications of type II diabetes (T2DM). Long-term 

effects of high blood glucose leave individuals with T2DM more susceptible to cutaneous diseases, but its 

underlying molecular mechanisms are unclear. Network-based methods consider the complex interactions 

between genes which can complement the analysis of single genes in previous research. Here, we use 

network analysis and topological properties to systematically investigate dysregulated gene co-expression 

patterns in type II diabetic skin with skin samples from the Genotype-Tissue Expression database. Our final 

network consisted of 8,812 genes from 73 subjects with T2DM and 147 non-T2DM subjects matched for 

age, sex, and race. Two gene modules significantly related to T2DM were functionally enriched in the 

pathway lipid metabolism, activated by PPARA and SREBF (SREBP). Transcription factors KLF10, KLF4, 

SP1, and microRNA-21 were predicted to be important regulators of gene expression in these modules. 

Intramodular analysis and betweenness centrality identified NCOA6 as the hub gene while KHSRP and 

SIN3B are key coordinators that influence molecular activities differently between T2DM and non-T2DM 

populations. We built a TF-miRNA-mRNA regulatory network to reveal the novel mechanism (miR-21-

PPARA-NCOA6) of dysregulated keratinocyte proliferation, differentiation, and migration in diabetic skin, 

which may provide new insights into the susceptibility of skin disorders in T2DM patients. Hub genes and 

key coordinators may serve as therapeutic targets to improve diabetic skincare. 

Introduction 

 Diabetes mellitus is a long-term metabolic disease that has become a global public health threat 

over the past two decades. Approximately 463 million people are diagnosed with diabetes globally with an 

estimated increase of 50% in the next 25 years1. People with diabetes suffer from high blood glucose known 

as hyperglycemia which can affect every part of the human body resulting in a number of serious diseases. 

Patients with type 1 and type 2 diabetes often have skin complications that vary in occurrence from 51.1 to 

97% in different regions worldwide2. Specifically, diabetic patients have a higher risk of cutaneous diseases 
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and especially skin infections. Skin lesions result from poor healing in diabetic patients and can develop 

into chronic and recurrent ulcers causing difficulties in the clinical treatment of diabetes2,3. 

 Despite the fact that glucose dysregulation is well-known to impair the immune system and cellular 

skin function, the molecular mechanisms that are responsible for the deficiency of skin in diabetic patients 

are understudied. Alteration in gene expression is an indicator of biological activity that can help to identify 

genetic determinants of diseases. Recent studies with comparative high-throughput sequencing analysis of 

the skin in type 2 diabetes (T2DM) versus non-T2DM have noted a number of differentially expressed (DE) 

genes that are related to immune response, infectious disease, and structural changes in diabetic skin4,5. DE 

analyses consider the expression of individual genes between sample cohorts but ignore the mutual effect 

between genes in biological systems. Instead of working alone, genes interact with each other that jointly 

affect human health. A gene that is not differentially expressed across experimental conditions may still 

play an important role in linking biological networks that drive patterns of gene activity in pathological 

conditions.  

 The development of next-generation sequencing (NGS) technologies and transcriptomics (RNA-

seq) allows for the simultaneous quantification of gene expression for thousands of genes. Recently, RNA-

seq data has been used in conjunction with integrative network analyses to identify and prioritize potentially 

disease-related genes19. Beyond individual genetic alteration, the network-based analysis offers a 

systematic view of all genes by taking account of the interaction between each pair of genes. As genes with 

similar functions or that participate in the same biological pathway often exhibit coordinated expression 

patterns6,7, the gene co-expression network connected by quantitative co-expression similarity can be used 

for gene module identification and subsequent inference of gene functions and module-disease associations. 

In this study, we performed weighted gene co-expression network analysis (WGCNA) of the lower leg skin 

samples from the Genotype-Tissue Expression (GTEx) database to reveal the molecular mechanisms 

behind the susceptibility to skin disorders in T2DM patients. By analyzing gene co-expression patterns in 

skin cells between T2DM and non-T2DM subjects, here we provide new insights into understanding the 

pathogenesis of T2DM skin disorders to advance diabetic skin care in clinics. In particular, we reveal a 
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novel mechanism (miR-21-PPARA-NCOA6) of dysregulated keratinocyte proliferation, differentiation, and 

migration in diabetic skin. NCOA6 is a coregulator involved in growth, development, energy homeostasis, 

and wound healing that may be a fundamental biomarker for managing skin care in diabetes8. 

Methods 

Data 

 The data of skin samples (the sun-exposed region of the lower legs) used in this research was 

obtained from the GTEx database (v7, September 2017 release). Detailed information on sample collection, 

RNA sequencing, and the data processing pipeline is described in the GTEx consortium paper9. The datasets 

involved in this research (summarized in Supplementary Table S1) are available from dbGaP (study 

accession number phs000424.v7.p2) and were carried out in accordance with relevant guidelines and 

regulations. We excluded cases with type 1 diabetes and/or unknown T2DM status from 751 participants, 

leaving 256 non-T2DM and 75 T2DM samples. To reduce the effects of confounding factors between non-

T2DM and T2DM groups, we balanced the covariates of sex, age, and race using the R package “MatchIt” 

with the matching method “optimal” and matching ratio 2:110. Following this process, 150 non-T2DM and 

75 T2DM samples remained, with 56,202 RNA-seq transcriptome profiles. 

RNA-seq Data Preprocessing 

 Since low-expressed or non-varying genes usually indicate noise, we filtered out the intersection 

of the genes with read counts of less than 10 in more than 90% of samples in each group. We then retained 

the top 50% most variable genes based on the MAD of gene expression values (represented by TPM values 

described in Supplementary Table S1) across all the samples. A total of 8,812 out of 56,202 genes were 

selected, and their TPM values were then log-transformed using 𝑙𝑜𝑔-(𝑥 + 1). As GTEx data are highly 

heterogeneous and affected by batch effects, it is common practice to adjust known and hidden confounders 

in GTEx gene expression data11,12. Based on the known adjustment variables (gender, age, BMI, and 

ischemic time) and the variable of interest (T2DM status), we applied the R package “sva” to estimate 
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surrogate variables (SVs) for latent sources of noise13 and picked 3 most significant SVs for correction on 

TPM expression matrix. 

 Though DE genes in T2DM skin have been reported by previous studies4,5, it is not convincing to 

assess the findings from current network analysis versus previous DE analyses due to the differences in the 

datasets and preprocessing methods. Therefore, we also performed a DE analysis with DESeq214 on this 

same cohort following similar preprocessing steps described above. As the DESeq2 internally corrects for 

the library size, the input should be the raw count data prior to TPM normalization. The estimated SVs were 

added to the “DESeqDataSet” design formula and DE genes were identified with adjusted	p − value	 ≤

	0.05. 

Sample Outliers Detection 

 Due to variability in the data acquisition, outliers may occur that can influence the robustness of 

the downstream analysis. Sample networks have been demonstrated to be an appropriate method for outlier 

detection because it is independent of the choice of clustering algorithms and can clearly distinguish 

samples, particularly among large genomic data15. We identified 3 outliers in the non-T2DM group and 2 

outliers in the T2DM group respectively through a Euclidean distance-based sample network, with 

standardized connectivity lower than 2.5 (𝑍. 𝑘 < −2.5) (Supplementary Fig. S1). 

Weighted Co-expression Network Construction 

 In gene co-expression networks, nodes correspond to genes, and edges represent the magnitude of 

their co-expression. Unweighted networks may lead to a loss of information when determining the 

connectivity between genes using binary parameters (1 or 0).  Because most biological networks are scale-

free networks, their degree distribution follows a power law 𝑝(𝑘)~𝑘./. Based on this property, Zhang and 

Horvath 2005 have proposed a scale-free topological criterion to assign connection weight to each gene 

pair in weighted gene co-expression network analysis (WGCNA)16. 

 The R package “WGCNA”17 was used to perform network construction. Briefly, the absolute value 



 

 39 

of the Pearson correlation 𝑠!" = |𝑐𝑜𝑟(𝑖, 𝑗)| was calculated, which measures the similarity between the 

expression profiles of genes 𝑖 and 𝑗. Then, the co-expression similarity 𝑠!"  was transformed into 𝑎!"  via 

power adjacency function 𝑎!" = 𝑠!",. In this function, 𝛽 ≥ 1 is a soft threshold determined by the scale-

free topological criterion and is known as the model fitting index 𝑅- of the linear model that regresses 

log	(𝑝(𝑘)) on log	(𝑘). After the soft thresholding parameter 𝛽 was determined, the topological overlap 

matrix (𝑇𝑂𝑀)16,18 was obtained to describe the weight of the edge between genes. 

Gene Module Identification 

 A gene module is a subset of nodes (or genes) that are highly connected. WGCNA uses a 

topological overlap dissimilarity measure (𝑑𝑖𝑠𝑠𝑇𝑂𝑀 = 1 − 𝑇𝑂𝑀)16 to identify these modules, which has 

been shown to result in biological meaningful modules when clustered using hierarchical clustering. Inside 

each module, the first principal component is defined as the module eigengene (ME) representing its overall 

expression level. 

Module-Trait Associations and Intramodular Analysis 

 The module-trait association is defined by the p-value of the correlation between the expression 

level of each ME and each trait variable 𝑐𝑜𝑟(𝑀𝐸, 𝑡𝑟𝑎𝑖𝑡). The trait of interest is the T2DM status, where 0 

indicates non-T2DM, and 1 indicates T2DM. The gene significance (GS) of each clinical trait is defined as 

the absolute value of the correlation between 𝑖 -th gene expression profile 𝑥!  and the sample trait 

𝑐𝑜𝑟(𝑥! , 𝑡𝑟𝑎𝑖𝑡). Genes with high absolute values of GS represent their individual significant associations 

with the phenotypic trait. The module membership (MM) is defined as the correlation between the 

expression level of ME and the 𝑖-th gene 𝑐𝑜𝑟(𝑀𝐸, 𝑥!) that represents how close a gene is to a given module. 

Higher absolute values of MM indicate greater similarity between the genes and module eigengene. 

Generally, intramodular hub genes exhibit high MM values. The hub genes from the modules significantly 

associated with T2DM were regarded as potential driver genes. 
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Identification of Hub Genes with Betweenness Centrality 

 Intramodular hubs are central to specific modules in the network and are frequently more relevant 

to the functionality than other nodes19. Betweenness centrality (BC) is often used to identify hub genes as 

it is a network topological characteristic that quantifies the ability of a node that transfers information in a 

module. Nodes with high BC are considered to be more biologically informative that are responsible for 

transferring communication information. Comparison of such property between two networks can reveal 

the alterations in co-expression patterns of a particular gene and its connected portions under two states. 

Therefore, we constructed T2DM and non-T2DM gene co-expression networks separately based on their 

respective 𝑇𝑂𝑀 and performed centrality analysis of the genes from T2DM-related modules via R package 

Igraph20. The inverse of topological overlap represents the length of an edge and BC is defined as the 

number of shortest paths between every two other nodes in the module that pass through that node (equation 

(1)). 

𝐵𝐶(𝑣) = ∑ 0!#"
0!"!1",!12,"12	     (1) 

 Where 𝑣 is the set of nodes, 𝑔!" is the number of shortest paths between nodes 𝑖 and 𝑗, and  𝑔!2" is 

the number of those paths that pass through node 𝑣. The genes with considerable changes in BC values 

between T2DM and non-T2DM networks might be the driver genes influencing health status. 

Enrichment Analysis and Visualization 

 To understand the underlying biological mechanisms indicated in T2DM-related modules, 

enrichment analyses were performed for gene ontologies (GO), KEGG pathways, and Reactome pathways 

with DAVID21 and g:Profiler22. Significant gene sets were restricted to the ones with size ≥ 5 at an adjusted 

p-value of 0.05, then visualized with EnrichmentMap23 in Cytoscape24. In addition to the gene itself, the 

regulatory motifs also play essential roles upstream of gene expression. Transcription factors (TFs) help 

initiate gene transcription by binding promoter regions of the target DNA at the transcriptional level while 

miRNAs regulate protein translation by binding the 3’ untranslated region of the target mRNA at the post-
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transcriptional level. g:Profiler was employed to predict the TFs and miRNAs involved in the regulation of 

disease genes based on the databases of TRANSFAC and miRTarBase22. The resulting TFs, miRNAs, and 

their target genes were used to build a regulatory network visualized via Cytoscape24. 

Results 

Co-expression Network Generation with WGCNA 

 Skin samples from the GTEx database were classified into T2DM and non-T2DM groups. Based 

on data preprocessing and sample outlier detection, 8,812 most varied genes from 73 subjects with T2DM 

and 147 non-T2DM subjects matched for age, sex, and race were imported to WGCNA to detect gene 

modules significantly correlated with T2DM. 𝛽 = 7 was chosen for the power of adjacency function as it 

is the point (𝑅- = 0.86) at which the scale-free topology model fit tends to level off (Supplementary Fig. 

S2). Based on hierarchical clustering of topological overlap dissimilarity, 39 modules were identified with 

module sizes ranging from 757 to 55 genes and denoted with different colors where the grey module 

contained all unassigned genes (Fig. 1A). The module-trait relationships measured by the p-value of 

𝑐𝑜𝑟(𝑀𝐸, 𝑡𝑟𝑎𝑖𝑡)  showed that 2 modules colored in lightgreen (𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.02) and magenta (𝑝 −

𝑣𝑎𝑙𝑢𝑒 = 0.05) had significant associations with T2DM status (Fig. 1B). As for DE analysis, 13 out of 8,812 

genes were identified as DE genes (Supplementary Table S2) and there was no overlap between DE genes 

and the genes from the T2DM-related modules. 

Intramodular Analysis of Significant Modules 

 The lightgreen module included 145 genes while the magenta module included 213 genes. To 

identify the key genes in these two T2DM-related modules, we used module membership (MM), gene 

significance (GS), and betweenness centrality (BC) to measure their intramodular properties. Table 1 

provides the top 10 genes from each module by the absolute values of their MM, GS, and BC. The entire 

gene list can be found in Supplementary Table S3 (lightgreen module) and Supplementary Table S4 

(magenta module). The top-ranked genes based on the value of MM were considered as the representatives 
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of a module, such as NCOA6, RAB5B, EP300, and CREBBP in the lightgreen module, and RHOT2 in the 

magenta module. The GS in both modules was highly correlated with MM (Supplementary Fig. S3), 

indicating that these intramodular representatives were often significantly associated with T2DM status. 

The topological analysis with betweenness centrality also showed that NCOA6, EP300, and RAB5B in the 

lightgreen module and RHOT2 in the magenta module had the highest BC, which further confirmed that 

they were the intramodular hubs that carried more biologically relevant information and played the role of 

an important connector throughout a module (Fig. 2A and Fig. 3). 

 Furthermore, T2DM and non-T2DM networks were generated separately to compare the sub-

networks of T2DM-related modules between T2DM and nonT2DM population (Supplementary Fig. S4 and 

Supplementary Fig. S5). The genes with dramatic changes in BC values between T2DM and non-T2DM 

networks were regarded as coordinator candidates that might jointly influence molecular activities with 

hubs. Beyond the hub genes mentioned above, other genes with a large difference in BC value were 

identified like CREBBP and KHSRP in the lightgreen module and SIN3B in the magenta module 

(Supplementary Table S5 and Supplementary Table S6). For example, KHSRP had high BC (𝐵𝐶3-45 =

612) in the T2DM network but low BC (𝐵𝐶676.3-45 = 0) in the non-T2DM network, suggesting that it 

played a different role in information transfer between two networks. The features MM, GS, and BC can 

be combined with the following functional analysis to help determine the biological importance of 

identified hub genes and candidate gene markers. 

Functional Analysis and Pathway Enrichment 

 To explore the biological meaning and underlying mechanisms in T2DM-related modules, 

enrichment analysis of functional pathways and prediction of regulatory motifs were performed with 

DAVID and g:Profiler. GO analysis revealed that genes in the lightgreen module were involved in six 

biological processes (BP) relevant to transcription, including the cellular synthesis of RNA on a DNA 

template and the synthesis of RNA mediated by RNA polymerase II. Meanwhile, 3 Reactome pathways 

were enriched under the metabolism of lipids, including PPARA activating gene expression, transcriptional 
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regulation of white adipocyte differentiation, and activation of gene expression by SREBF (SREBP) (Fig. 

2B). Intramodular hub gene NCOA6 was shown to participate in all BPs and pathways and gene EP300 and 

CREBBP also played important roles in most of these processes (Supplementary Table S7). Enrichment of 

regulatory motifs predicted 13 gene sets, including interested genes of NCOA6, EP300, and CREBBP, as 

the targets of regulation by 7 TFs KLF10, SP1, YY1, YY2, ZNF597, ZBTB17, and ZFP42 and 6 miRNAs 

has-let-7b-5p, has-miR-6760-5p, has-miR-23b-3p, has-miR-21-5p, has-miR-485-3p, and has-miR-17-5p 

(Supplementary Table S7, Fig. 2C). 

 Interestingly, no GO BPs or functional pathways were identified, however 410 TF motifs were 

significantly enriched from the TRANSFAC database that regulated the genes in the magenta module 

(Supplementary Table S8). The motifs mainly belong to SP/KLF, E2F, YY1/YY2, and AP-2 families. Key 

genes such as RHOT2, INPP5E, and SIN3B were all predicted as the targets of these TFs. 

Regulatory Network of TF-miRNA-mRNA 

 Following an enrichment analysis of the genes in the lightgreen and magenta modules for potential 

TFs and miRNAs in the TRANSFAC and miRTarBase databases separately, a TF-miRNA-mRNA 

interaction network was constructed and visualized by Cytoscape (Fig. 4A). The TF-miRNA-mRNA 

interaction network consisted of 19 key genes that were selected based on MM, GS, and BC, along with 14 

TFs and six miRNAs. The gene ZBTB17 from the magenta module was also the TF enriched in the 

lightgreen module, which regulated the expression of hub genes (NCOA6, RAB5B) and other important 

candidates (CREBBP, KHSRP). Besides, the TF PPARA that activated the expression of lightgreen genes 

(NCOA6, EP300, CREBBP) were shown to be the target repressed by magenta gene SIN3B. In particular, 

we found a sub-regulatory network that centered on miR-21 which was one of the most well-proven 

miRNAs associated with inflammation and keratinocyte proliferation in the skin during wound healing 

(Fig. 4B). Hub gene NCOA6, key coordinators (KHSRP and SIN3B), and major TFs (PPARA, SREBFs, 

KLF10, KLF4, SP1, etc.) were all involved in this sub-network. 
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Discussion 

 Hyperglycemia is a hallmark characteristic of Type II diabetes that affects every part of the body 

including the skin. Diabetes-associated skin problems have become one of the most common complications 

of diabetes. In particular, chronic ulcers, or severe cutaneous lesions, occur due to impaired wound healing 

in diabetic skin. The high prevalence of skin disorders among people with diabetes makes it essential to 

understand molecular mechanisms underlying changes in the skin. Our network-based analysis provides 

insights into connections between genes, where the aberrant coordinated expression patterns across a 

variety of experimental conditions can reflect disease-related biological processes. Therefore, the present 

study explores the biological pathways, disease driver genes, and TF-miRNA-mRNA regulatory programs 

in human skin that are associated with T2DM using WGCNA in combination with other network topology 

characteristics. 

 According to the results from WGCNA, two modules that were significantly associated with T2DM 

were chosen for functional enrichment analysis. The genes in the lightgreen module were involved in the 

GO biological process of transcription which mainly belonged to the terms of synthesis of RNA on a DNA 

template mediated by RNA polymerase II. The enriched Reactome pathways showed that the lightgreen 

module participated in 1) the regulation of lipid metabolism by PPARA and SREBFs; 2) transcriptional 

regulation of white adipocyte differentiation. Lipids play an important role in the formation and 

maintenance of skin barriers that support the movement of water and electrolytes and protect against 

invasive microbes25. Meanwhile, the layer of adipocytes within the reticular demis known as dermal white 

adipose tissue also provides essential functions that contribute to the skin barrier integrity, such as 

antimicrobial defense and wound healing26. The PPARA and SREBF genes that arose in the enrichment 

results are both transcription factors that act as key regulators of lipid metabolism to maintain skin 

homeostasis. PPARA (also referred to as PPAR-α or NR1C1) is a member of the peroxisome proliferator-

activated receptors that have been found to control keratinocyte proliferation/differentiation, regulate skin 

inflammation, and contribute to skin repair after injury27. For example, PPARA-deficient mice show a delay 

in wound healing compared to wild-type mice, especially during the initial inflammatory phase28. SREBFs 
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(also referred to as SREBPs) are sterol regulatory element-binding proteins responsible for cholesterol 

biosynthesis. Beyond the importance of SREBFs in epidermal differentiation and skin barrier formation29, 

studies have highlighted that SREBF2 limits wound healing via tumor necrosis factor (TNF)-induced 

mechanisms30. 

 The lightgreen intramodular hub gene NCOA6, along with gene EP300 and CREBBP, were the 

most common genes shared by the above pathways. Studies with gene knockout mice have demonstrated 

that NCOA6 (nuclear receptor coactivator 6), EP300 (also known as P300 or E1A binding protein P300), 

and CREBBP (also known as CBP or CREB-binding protein) are essential coactivators in systemic biology 

and physiology8. NCOA6 and CBP/P300 can interact with each other, and both have the ability to enhance 

the activity of a wide variety of other transcription factors involved in growth, proliferation, cytokine 

signalling, metabolism, immune response, and apoptosis8. Particularly, NCOA6 is a PPAR-interacting 

protein that can function as a coactivator to regulate PPARA. In addition, NCOA6+/- mice have been shown 

to exhibit a wound-healing phenotype where a defect in keratinocyte migration found in the skin of 

NCOA6+/- adult mice leads to chronic skin wounds when compared to wild-type8,31. The altered co-

expression patterns of the lightgreen module centered on NCOA6 may affect PPARA and SREBFs signalling 

pathways, which contributes to the susceptibility of the T2DM population to develop skin complications. 

 Moreover, TFs and miRNAs are now recognized as critical regulators that control the level of 

expression of target genes32. Here, the TFs and miRNAs of T2DM-related modules were predicted 

separately with TRANSFAC and miRTarBase databases. TFs mainly belonged to SP/KLF, E2F, YY1/YY2, 

and AP-2 families while miRNAs were hsa-let-7b-5p, hsa-miR-6760-5p, hsa-miR-23b-3p, hsa-miR-21-5p, 

hsa-miR-485-3p, and hsa-miR-17-5p. Subsequently, a co-regulation network was constructed, combined 

with the relationships reported in previous studies, to illustrate the interactions of TF, miRNA, and target 

genes (Fig. 4A). We primarily focused on the connections with miR-21 (Fig. 4B) as it is highly expressed 

in the skin that regulates cell proliferation and migration, which has been found to be implicated in a variety 

of skin disorders such as psoriasis, scleroderma, dermatomyositis, and cutaneous melanoma33,34. In 

particular, miR-21 plays multiple roles in the proliferation phase of wound healing. It promotes TGF-β 
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(transforming growth factor-β)-driven keratinocyte migration in re-epithelialization35 but inhibits 

endothelial cells proliferation, migration, and tube formation during the angiogenesis process36. Studies 

have shown that the expression of miR-21 in diabetic skin increased in response to the high level of glucose 

but decreased in diabetic wounds, which was opposite to the situation in normal skin37. Such aberrant 

regulation of miR-21 induced by diabetes could be critical to the abnormal healing of chronic wounds. 

Although miR-21 does not directly control the expression of hub gene NCOA6, it may regulate NCOA6 by 

suppressing PPARA38. Meanwhile, topological analysis with betweenness centrality revealed that the 

lightgreen gene KHSRP (KH-type splicing regulatory protein), which had been found to promote the 

maturation of miR-2139, acted as an important node in information transfer in the T2DM network 

(𝐵𝐶3-45 = 612) but not in the non-T2DM network (𝐵𝐶676.3-45 = 0). The obvious difference of KHSRP 

between the two networks may affect the miR-21 biogenesis and relevant PPARA-mediated pathways which 

further contribute to diabetic skin disorders. Another gene with a large difference in BC value between the 

non-T2DM and T2DM networks was SIN3B (SIN3 transcription regulator family member B) from the 

magenta module, which was a corepressor of PPARA under the pathway of lipid metabolism. SIN3B 

exhibited a very high BC in the T2DM network (𝐵𝐶3-45 = 3976) but low BC in the non-T2DM network 

(𝐵𝐶676.3-45 = 5), which might indicate the inhibition of PPARA-mediated pathways in the T2DM 

population. 

 Additionally, enrichment analysis identified that KLF4 (Kruppel-like factor 4), known to be 

required for establishing the barrier function of the skin40, was one of the most significant TFs targeting 

magenta genes including SIN3B. Previous studies have shown the importance of KLF4 in keratinocyte 

precursor immaturity41 and have found that it can facilitate cutaneous wound healing by promoting the 

generation of fibrocytes, which serve as effector cells enhancing keratinocyte proliferation42. Other SP/KLF 

factors like KLF10 and SP1 were also predicted as main TFs that regulated disease modules including hub 

gene NCOA6 and gene pair CBP/P300. KLF10, originally named TGF-β inducible early gene 1, plays a 

role in TGF-β-induced collagen synthesis and reepithelialization43 while SP1 is involved in TGF-β-induced 

collagen synthesis in skin fibroblasts as well44. The other two broadly enriched TF families, E2F and AP-
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2, were also considered key regulators of modules associated with T2DM. E2F is known as a regulator of 

keratinocyte proliferation, of which E2F1, E2F2, and E2F3 are the top enriched factors in our analysis that 

have been found relevant to the maintenance of the proliferation phase in primary keratinocytes during 

wound repair45. Similarly, the enriched AP-2 members (AP-2α, AP-2β, AP-2γ) also have been shown to be 

involved in epidermal differentiation and barrier formation46. 

 The above results consistently suggest that the T2DM-related modules contain functions that are 

important for skin development. Important genes identified by network analysis and topological properties 

in the current study such as NCOA6, KHSRP, and SIN3B have not been reported as DE genes in the previous 

work4,5 as well as in our DE analysis, which demonstrates that non-DE genes may also drive biological 

differences between healthy and disease states. The role of other genes included in these modules, such as 

the magenta hub gene RHOT2, is still unknown and remains to be further investigated. In addition, several 

limitations exist in this study. First, the current results are based on the lower leg skin samples from the 

GTEx database. With more applicable skin datasets released, a meta-analysis across different cohorts 

should be conducted in the future to identify generalizable mechanisms relevant to diabetic skin and verify 

the novel findings. Further experimental validation is needed to confirm the candidate biomarkers and their 

putative miRNAs and TFs. It is also of clinical importance to explore the signalling pathways involved in 

the mechanistic regulatory network for a better understanding of skin disorders in diabetic patients. 

Conclusions 

 In conclusion, we built a TF-miRNA-mRNA regulatory network with an emphasis on the 

regulations of hub gene NCOA6 mediated by PPARA (miR-21-PPARA-NCOA6) to reveal a potential 

mechanism of dysregulated keratinocyte proliferation, differentiation, and migration in diabetic skin based 

on the enrichment analysis of T2DM-related gene modules detected by WGCNA. Gene KHSRP and SIN3B 

identified by betweenness centrality are considered important regulators of this proposed mechanism via 

interacting with miR-21 and PPARA separately. Network-based analysis and topological properties allow 

us to expand insight into the pathogenesis of T2DM patients to develop skin disorders, which highlights 
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the importance of the system biology approach to study complex diseases.  The hub genes and key 

coordinators may be used as novel therapeutic targets to advance diabetic skin care. 

References 

1. IDF Atlas 9th edition and other resources. https://diabetesatlas.org/en/resources/. 

2. de Macedo, G. M. C., Nunes, S. & Barreto, T. Skin disorders in diabetes mellitus: an epidemiology 

and physiopathology review. Diabetol. Metab. Syndr. 8, 63 (2016). 

3. Liu, C., Ponsero, A. J., Armstrong, D. G., Lipsky, B. A. & Hurwitz, B. L. The dynamic wound 

microbiome. BMC Med. 18, 358 (2020). 

4. Wu, C., Chen, X., Shu, J. & Lee, C.-T. Whole-genome expression analyses of type 2 diabetes in 

human skin reveal altered immune function and burden of infection. Oncotarget 8, 34601–34609 

(2017). 

5. Lin, E.-S. et al. Deduction of Novel Genes Potentially Involved in Keratinocytes of Type 2 Diabetes 

Using Next-Generation Sequencing and Bioinformatics Approaches. J. Clin. Med. 8, 73 (2019). 

6. Eisen, M. B., Spellman, P. T., Brown, P. O. & Botstein, D. Cluster analysis and display of genome-

wide expression patterns. Proc. Natl. Acad. Sci. 95, 14863–14868 (1998). 

7. Stuart, J. M., Segal, E., Koller, D. & Kim, S. K. A Gene-Coexpression Network for Global Discovery 

of Conserved Genetic Modules. Science 302, 249–255 (2003). 

8. Mahajan, M. A. & Samuels, H. H. Nuclear receptor coactivator/coregulator NCoA6(NRC) is a 

pleiotropic coregulator involved in transcription, cell survival, growth and development. Nucl. 

Recept. Signal. 6, e002 (2008). 

9. Lonsdale, J. et al. The Genotype-Tissue Expression (GTEx) project. Nat. Genet. 45, 580–585 (2013). 

10. Stuart, E. A., King, G., Imai, K. & Ho, D. MatchIt: Nonparametric Preprocessing for Parametric 

Causal Inference. J. Stat. Softw. (2011) doi:10.18637/jss.v042.i08. 

11. Consortium, T. Gte. The Genotype-Tissue Expression (GTEx) pilot analysis: Multitissue gene 

regulation in humans. Science 348, 648–660 (2015). 



 

 49 

12. Somekh, J., Shen-Orr, S. S. & Kohane, I. S. Batch correction evaluation framework using a-priori 

gene-gene associations: applied to the GTEx dataset. BMC Bioinformatics 20, 268 (2019). 

13. Leek, J. T., Johnson, W. E., Parker, H. S., Jaffe, A. E. & Storey, J. D. The sva package for removing 

batch effects and other unwanted variation in high-throughput experiments. Bioinformatics 28, 882–

883 (2012). 

14. Love, M. I., Huber, W. & Anders, S. Moderated estimation of fold change and dispersion for RNA-

seq data with DESeq2. Genome Biol. 15, 550 (2014). 

15. Oldham, M. C., Langfelder, P. & Horvath, S. Network methods for describing sample relationships in 

genomic datasets: application to Huntington’s disease. BMC Syst. Biol. 6, 63 (2012). 

16. Zhang, B. & Horvath, S. A General Framework for Weighted Gene Co-Expression Network 

Analysis. Stat. Appl. Genet. Mol. Biol. 4, (2005). 

17. Langfelder, P. & Horvath, S. WGCNA: an R package for weighted correlation network analysis. 

BMC Bioinformatics 9, 559 (2008). 

18. Ravasz, E., Somera, A. L., Mongru, D. A., Oltvai, Z. N. & Barabási, A.-L. Hierarchical Organization 

of Modularity in Metabolic Networks. Science 297, 1551–1555 (2002). 

19. van Dam, S., Võsa, U., van der Graaf, A., Franke, L. & de Magalhães, J. P. Gene co-expression 

analysis for functional classification and gene–disease predictions. Brief. Bioinform. 19, 575–592 

(2018). 

20. Csardi G & Nepusz T. The igraph software package for complex network research. Inter J. Complex 

Syst. 1695, 1–9 (2006). 

21. Huang, D. W., Sherman, B. T. & Lempicki, R. A. Bioinformatics enrichment tools: paths toward the 

comprehensive functional analysis of large gene lists. Nucleic Acids Res. 37, 1–13 (2009). 

22. Raudvere, U. et al. g:Profiler: a web server for functional enrichment analysis and conversions of 

gene lists (2019 update). Nucleic Acids Res. 47, W191–W198 (2019). 

23. Merico, D., Isserlin, R., Stueker, O., Emili, A. & Bader, G. D. Enrichment Map: A Network-Based 

Method for Gene-Set Enrichment Visualization and Interpretation. PLOS ONE 5, e13984 (2010). 



 

 50 

24. Shannon, P. et al. Cytoscape: A Software Environment for Integrated Models of Biomolecular 

Interaction Networks. Genome Res. 13, 2498–2504 (2003). 

25. Feingold, K. R. The outer frontier: the importance of lipid metabolism in the skin. J. Lipid Res. 50, 

S417–S422 (2009). 

26. Chen, S. X., Zhang, L.-J. & Gallo, R. L. Dermal White Adipose Tissue: A Newly Recognized Layer 

of Skin Innate Defense. J. Invest. Dermatol. 139, 1002–1009 (2019). 

27. Dubrac, S. & Schmuth, M. PPAR-alpha in cutaneous inflammation. Dermatoendocrinol. 3, 23–26 

(2011). 

28. Michalik, L. et al. Impaired skin wound healing in peroxisome proliferator–activated receptor 

(PPAR)α and PPARβ mutant mice. J. Cell Biol. 154, 799–814 (2001). 

29. Wang, H. et al. Mutations in SREBF1, Encoding Sterol Regulatory Element Binding Transcription 

Factor 1, Cause Autosomal-Dominant IFAP Syndrome. Am. J. Hum. Genet. 107, 34–45 (2020). 

30. Kusnadi, A. et al. The Cytokine TNF Promotes Transcription Factor SREBP Activity and Binding to 

Inflammatory Genes to Activate Macrophages and Limit Tissue Repair. Immunity 51, 241-257.e9 

(2019). 

31. Mahajan, M. A., Das, S., Zhu, H., Tomic-Canic, M. & Samuels, H. H. The Nuclear Hormone 

Receptor Coactivator NRC Is a Pleiotropic Modulator Affecting Growth, Development, Apoptosis, 

Reproduction, and Wound Repair. Mol. Cell. Biol. 24, 4994–5004 (2004). 

32. Zhang, H.-M. et al. Transcription factor and microRNA co-regulatory loops: important regulatory 

motifs in biological processes and diseases. Brief. Bioinform. 16, 45–58 (2015). 

33. Singhvi, G. et al. MicroRNAs as biological regulators in skin disorders. Biomed. Pharmacother. 108, 

996–1004 (2018). 

34. Neagu, M., Constantin, C., Cretoiu, S. M. & Zurac, S. miRNAs in the Diagnosis and Prognosis of 

Skin Cancer. Front. Cell Dev. Biol. 8, 71 (2020). 

35. Yang, X. et al. miR-21 Promotes Keratinocyte Migration and Re-epithelialization During Wound 

Healing. Int. J. Biol. Sci. 7, 685–690 (2011). 



 

 51 

36. Soliman, A. M., Das, S., Abd Ghafar, N. & Teoh, S. L. Role of MicroRNA in Proliferation Phase of 

Wound Healing. Front. Genet. 9, 38 (2018). 

37. Madhyastha, R., Madhyastha, H., Nakajima, Y., Omura, S. & Maruyama, M. MicroRNA signature in 

diabetic wound healing: promotive role of miR-21 in fibroblast migration. Int. Wound J. 9, 355–361 

(2012). 

38. Zhou, J. et al. MicroRNA-21 targets peroxisome proliferators-activated receptor-α in an 

autoregulatory loop to modulate flow-induced endothelial inflammation. Proc. Natl. Acad. Sci. 108, 

10355–10360 (2011). 

39. Fujita, Y. et al. KH-type splicing regulatory protein is involved in esophageal squamous cell 

carcinoma progression. Oncotarget 8, 101130–101145 (2017). 

40. Segre, J. A., Bauer, C. & Fuchs, E. Klf4 is a transcription factor required for establishing the barrier 

function of the skin. Nat. Genet. 22, 356–360 (1999). 

41. Fortunel, N. O. et al. KLF4 inhibition promotes the expansion of keratinocyte precursors from adult 

human skin and of embryonic-stem-cell-derived keratinocytes. Nat. Biomed. Eng. 3, 985–997 (2019). 

42. Ou, L. et al. Kruppel-Like Factor KLF4 Facilitates Cutaneous Wound Healing by Promoting 

Fibrocyte Generation from Myeloid-Derived Suppressor Cells. J. Invest. Dermatol. 135, 1425–1434 

(2015). 

43. Hori, K. et al. Impaired cutaneous wound healing in transforming growth factor-β inducible early 

gene1 knockout mice. Wound Repair Regen. 20, 166–177 (2012). 

44. Ghosh, A. K., Mori, Y., Dowling, E. & Varga, J. Trichostatin A blocks TGF-β-induced collagen gene 

expression in skin fibroblasts: Involvement of Sp1. Biochem. Biophys. Res. Commun. 354, 420–426 

(2007). 

45. D’Souza, S. J. A. et al. E2F-1 Is Essential for Normal Epidermal Wound Repair*. J. Biol. Chem. 277, 

10626–10632 (2002). 

46. Wang, X., Pasolli, H. A., Williams, T. & Fuchs, E. AP-2 factors act in concert with Notch to 

orchestrate terminal differentiation in skin epidermis. J. Cell Biol. 183, 37–48 (2008). 



 

 52 

Data Availability 

All code for computational analysis is available at https://github.com/hurwitzlab/WGCNA-of-Type-II-

Diabetic-Skin. 

The GTEx datasets can be downloaded from dbGaP with study accession number phs000424.v7.p2. 

Supplementary Information 

Supplementary information is available online at https://www.nature.com/articles/s41598-022-10652-8. 

Author Contribution 

Designed research: C.L., S.R., and B.L.H.; Performed research: C.L.; Analyzed data: C.L., S.R., and 

B.L.H; Wrote the paper: C.L. and B.L.H. 

Acknowledgements 

The authors thank the GTEx project for providing RNA-seq data. We thank Hurwitz Lab and Bio5 

Institute, University of Arizona, for writing assistance, language editing, and funding support. We thank 

Dr. Alise Ponsero and Dr. Frank Duca for reviewing the manuscript and insightful discussion on the 

work. 

Funding 

Funding for this work was provided by the Gordon and Betty Moore Foundation [GBMF 8751 to B.L.H.]. 

Conflict OF Interest 

B.L.H. holds concurrent appointments as an Associate Professor of Biosystems Engineering at the 

University of Arizona and as an Amazon Scholar. This publication describes work performed at the 

University of Arizona and is not associated with Amazon. C.L. and S.R. declare no potential conflict of 



 

 53 

interest. 

Figures 

Figure 1. Gene Co-expression Network Generation. (A) Cluster Dendrogram Denoting Gene Modules: 

based on hierarchical clustering of topological overlap dissimilarity, modules were identified and denoted 

with different colors. (B) Module-trait Relationships: the heatmap represents is a correlation matrix 

representing the correlation and p-value (in parentheses) between each ME and each trait. 
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Figure 2. Intramodular Analysis of lightgreen Module. (A) Gene Co-expression Network of lightgreen 

Module. (B) Functional Enrichment of lightgreen Module: each node is a gene set and the width of an edge 

represents the number of genes shared by every two gene sets. (C) Regulatory Motif Enrichment of 

lightgreen Module: each node is a gene set representing predicted targets of regulation by a TF or miRNA 

and the width of an edge represents the number of target genes shared by every two TF/miRNA. 
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Figure 3. Gene Co-expression Network of magenta Module. 
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Figure 4. Regulatory Network of T2DM-related Modules. (A) TF-miRNA-mRNA Network of Top 

Genes from lightgreen and magenta Modules. (B) Proposed Mechanism of miR-21-PPARA-NCOA6: a 

simplified TF-miRNA-mRNA Network for hub genes and key regulators, which is associated with 

keratinocyte proliferation, differentiation, and migration. The solid line represents the interaction obtained 

from enrichment analysis while the dash line represents the potential interaction based on the previous 

publications. 
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Tables 

Table 1. Top 10 Genes in lightgreen and magenta Modules 

Top 10 Genes in lightgreen Module 

Gene ID Description MM.lightgreen GS.T2DM p.GS.T2DM BC.lightgreen 
NCOA6 nuclear receptor coactivator 6 0.881 0.181 0.007 2150 

EP300 E1A binding protein p300 0.859 0.142 0.035 2008 

RAB5B RAB5B, member RAS oncogene family 0.857 0.131 0.052 1977 

RPRD2 regulation of nuclear pre-mRNA domain 
containing 2 0.855 0.134 0.046 1361 

TNPO3 transportin 3 0.848 0.138 0.041 216 

ARID1A AT-rich interaction domain 1A 0.836 0.148 0.028 265 

TM9SF4 transmembrane 9 superfamily member 4 0.825 0.112 0.099 232 

CREBBP CREB binding protein 0.811 0.095 0.162 57 

ZC3H13 zinc finger CCCH-type containing 13 0.81 0.163 0.016 22 

RAB8A RAB8A, member RAS oncogene family 0.81 0.097 0.152 89 

Top 10 Genes in magenta Module 

Gene ID Description MM.magenta GS.T2DM p.GS.T2DM BC.magenta 
RHOT2 ras homolog family member T2 0.919 -0.168 0.012 12299 

ARFGAP1 ADP ribosylation factor GTPase activating 
protein 1 0.889 -0.189 0.005 1362 

ANAPC2 anaphase promoting complex subunit 2 0.884 -0.148 0.028 4523 

MAPK8IP3 mitogen-activated protein kinase 8 
interacting protein 3 0.875 -0.121 0.073 1165 

TMEM259 transmembrane protein 259 0.864 -0.141 0.037 643 

TAF1C TATA-box binding protein associated factor, 
RNA polymerase I subunit C 0.86 -0.113 0.094 13 

FAM193B family with sequence similarity 193 member 
B 0.856 -0.121 0.074 672 

SPPL2B signal peptide peptidase like 2B 0.854 -0.08 0.238 791 

C1orf159 chromosome 1 open reading frame 159 0.843 -0.133 0.049 0 

SELO protein Adenylyltransferase SelO 0.83 -0.186 0.006 19 
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Supplementary Figures 

Supplementary Figure S1. Sample Outlier Detection 
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Supplementary Figure S2. Scale-free Topological Criterion 
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Supplementary Figure S3: (A) GS vs. MM for lightgreen module. (B) GS vs. MM for magenta 

module. 

 

Supplementary Tables 

Supplementary tables are available online at https://www.nature.com/articles/s41598-022-10652-8. 
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Abstract 

 Background: Diabetic foot ulcers (DFUs) account for the majority of all limb amputations and 

hospitalizations due to diabetes complications. With 30 million cases of diabetes in the United States and 

500,000 new diagnoses each year, DFUs are a growing health problem. Diabetes patients with limb 

amputations have high postoperative mortality, a high rate of secondary amputation, prolonged inpatient 

hospital stays, and a high incidence of re-hospitalization. DFU-associated amputations constitute a 

significant burden on healthcare resources that cost more than 10 billion dollars per year. Currently, there 

is no way to identify wounds that will heal versus those that will become severely infected and require 

amputation. Main Body: Accurate identification of causative pathogens in diabetic foot ulcers is a critical 

component of effective treatment. Compared to traditional culture-based methods, advanced sequencing 

technologies provide more comprehensive and unbiased profiling on wound microbiome with a higher 

taxonomic resolution, as well as functional annotation such as virulence and antibiotic resistance. In this 

review, we summarize the latest developments in defining the microbiology of diabetic foot ulcers that have 

been unveiled by sequencing technologies and discuss both the future promises and current limitations of 

these approaches. In particular, we highlight the temporal patterns and system dynamics in the diabetic foot 

microbiome monitored and measured during wound progression and medical intervention, and explore the 

feasibility of molecular diagnostics in clinics. Conclusion: Molecular tests conducted during weekly office 

visits to clean and examine DFUs would allow clinicians to offer personalized treatment and antibiotic 

therapy. Personalized wound management could reduce healthcare costs, improve quality of life for 

patients, and recoup lost productivity that is not only important to the patient, but also to healthcare payers 

and providers. These efforts could also improve antibiotic stewardship and control the rise of “superbugs” 

vital to global health. 

Keywords: Diabetic foot ulcer; Wound microbiome; Metagenomics; Next-generation sequencing 
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Background 

 Chronic wounds are a common complication of diabetes mellitus that can severely affect a patient’s 

quality of life and may lead to lower limb amputation [1–5]. The five-year mortality for diabetic foot ulcers 

(DFUs), minor and major amputations was recently reported to be 30.5, 46.2, and 56.6% [6]. In particular, 

foot ulcers are prevalent in patients with long-standing diabetes, mostly related to peripheral neuropathy 

and ischemia from peripheral vascular disease [7]. These DFUs are always colonized by microorganisms, 

and often become infected by pathogenic microbes, resulting in a diabetic foot infection (DFI). It is 

estimated that 44-68% of patients admitted to the hospital with a DFI will develop diabetic foot 

osteomyelitis (DFO) which often requires surgical treatments and a long antibiotic therapy [8–10]. Further, 

biofilm-producing microbes delay healing and underlie up to 90% of chronic wounds [11]. Detecting when 

a DFU is infected is often difficult due to a lack of local or systemic signs or symptoms, primarily related 

to the perturbed neurological, vascular, and local inflammatory responses in these patients [12–15]. The 

standard approach for identifying microorganisms colonizing a wound is to obtain a specimen (preferably 

of tissue or bone) for aerobic and anaerobic culture. However, achieving results with this time-honored 

approach usually takes several days (up until 14 days) and is biased toward a subset of microbes that grow 

well in the laboratory setting. Furthermore, the likelihood of false-negative cultures increases when patients 

are treated with antimicrobials or clinicians employ inadequate sampling methods, especially superficial 

swabs of open wounds. False-positives can result due to an inability in distinguishing pathogens from 

healthy skin flora or contaminants. Culture-based approaches have also been found to fail to identify most 

fungi and frequently do not accurately represent the complete bacterial communities present in the wound 

[16]. Hence, treatment based on the results of standard culture may fail to cover one or more important 

pathogens in a DFI [17]. 

 These deficiencies of standard culture have led researchers to seek more technologically advanced 

methods to identify pathogens from infected wounds. Recently, newer sequencing methods have better 

defined the surprising microbial diversity found in many areas of the human body (‘‘human microbiome’’) 

and the dynamic status of these microorganisms [18–20]. These technologies have provided extensive 
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descriptions of the microbiomes of the gastrointestinal tract and, more recently, the skin [21]. A better 

understanding of the skin microbiome, which generally holds the organisms responsible for DFIs, should 

advance our diagnostic and therapeutic approaches to DFIs. Moreover, the characterization of the 

microbiome associated with osteomyelitis of diabetic foot is also critical as the bone can harbor a bacterial 

community distinct from the skin. The microbiological spectrum of foot osteomyelitis in diabetic patients 

is similar to that of the contiguous soft-tissue infection but fewer numbers of isolates are usually found in 

bone [8]. Sequencing technologies have detected significantly more anaerobes and Gram-positive bacilli in 

bone samples compared to conventional techniques, which may contribute to the poor success rate of 

medical treatment of DFO [9]. Thus, we herein review the latest developments in defining DFU 

microbiology that has been unveiled by sequencing technologies and discuss both the future promises and 

current limitations of these approaches. Moreover, we focus on how these technologies can be applied to 

monitoring and measuring wound progression. 

Molecular Techniques and Limitations 

 Thanks to increasingly affordable sequencing platforms and the development of rapid and efficient 

bioinformatics tools, there has been an increasing number of culture-independent (molecular) studies for 

characterizing various human microbiomes (summarized in Table 1). Compared to culture-based 

techniques, DNA sequencing of the small subunit ribosomal RNA (SSU rRNA) gene and metagenomic 

next-generation sequencing (mNGS) provide a comprehensive and precise description of the microbial 

community. These studies have demonstrated that the vast majority of microorganisms in these 

microbiomes are not detected by standard culture methods, while molecular techniques allow the 

characterization of microbial populations in their environment using the genetic content of the entire 

community [22]. Importantly, culturomics approaches have been developed to address the limitations of 

classical culture methods to increase throughput and allow for the identification of unknown bacteria 

through 16S rRNA sequencing as reviewed in Lagier et al. 2018 [23]. Culturomics has been successfully 

applied to several human-associated microbial communities and Jneid et al. 2018 have confirmed its 
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complementary role in relation to molecular methods in the exploration of complex microbiota in DFIs 

[24]. 

Amplicon Sequencing 

 Most studies of the microbiology of DFU are based on the amplification of the small subunit 

ribosomal RNA (SSU rRNA; 16S rRNA for bacteria and archaea, 18S rRNA for eukarya). The SSU rRNA 

gene is highly conserved, however, variations in hypervariable regions can be used to distinguish microbial 

species. Molecular fingerprinting methods targeting the SSU rRNA gene, such as denatured gradient gel 

electrophoresis (DGGE) or a temperature gradient gel electrophoresis (TGGE), are frequently used to 

rapidly identify microbes and monitor differences in composition over space or time [25]. These methods 

separate DNA fragments of equal length based on their sequence melting-point. Therefore, compositional 

diversity can be rapidly visualized using these methods where each band on a gel represents a specific 

prokaryotic taxon, although in certain cases, two different species can migrate at the same length, leading 

to possible misidentifications. Although DGGE and TGGE can be used for better characterization of 

complex microbial flora than culture-based methods, the identification of the specific prokaryotic species 

present in the sample can be difficult.  

 Amplicon sequencing allows for the identification and characterization of microbial diversity and 

to identify microbial community members using amplification, sequencing, and analysis of the SSU rRNA 

gene. Older studies relied on Sanger sequencing methods to obtain full-length SSU rRNA gene sequences, 

but because of the cost and sequencing capacity, only for a small subset of the organisms in a sample. Next-

generation sequencing (NGS) techniques have vastly improved sequencing depth, but have shorter (~500 

bp) sequences and therefore typically use one or more hypervariable regions as a proxy for the full-length 

gene. 

 Amplicon-based studies on DFU samples reveal a much more complex bacterial community 

associated with DFU than those identified by culture [26, 27] and provide some insight into patient 

outcomes for these wounds [28, 29]. However, these approaches are limited by amplification biases, as no 
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universal SSU rRNA primers exist, and the primer choice affects the amplification efficiency of different 

microbial phyla. Furthermore, the quality of DNA extraction varies according to the microbial taxa [30]. 

Importantly, these methods are restricted to prokaryotes and fungi and do not account for bacteriophages 

and eukaryotic viruses, which have been shown to modulate virulence and biofilm formation of 

Staphylococcus aureus in DFU [31]. While 16S rRNA amplicon studies allow for the identification of 

microbes down to the genus level, these approaches cannot be used for species or strain-specific 

characterization. While bioinformatics tools now exist to predict functional content from 16S sequences 

[32], these methods have been shown to be biased toward known microbial groups and pathways [30]. 

Additionally, these predictive analyses cannot infer antibiotic resistance and virulence genes that are of 

interest in clinical samples. 

Metagenomic Next-generation Sequencing (mNGS) 

 Despite a growing number of studies using sequencing to investigate microbial communities in 

wounds, few use metagenomic next-generation sequencing (mNGS) approaches (mNGS workflow is 

shown in Fig. 1). Unlike amplicon-based sequencing methods, mNGS indiscriminately sequences all genes 

for all organisms in a given microbial population at their relative abundance in the sample, including viruses 

and other mobile elements [33]. When compared with 16S-based metagenomics, it offers a finer taxonomic 

identification for bacteria to the species or strain level. In their 2019 study, Kalan et al. compared 16S rRNA 

amplicon sequencing and mNGS results for 195 samples from 46 DFU patients [34]. Overall, each approach 

identified the same major bacterial genera and was significantly correlated based on taxonomic diversity in 

the samples. However, mNGS offered additional insights into the strain-level diversity of S. aureus, bacteria 

that have been shown to drive outcomes in patients with a DFU [34]. Moreover, mNGS allows an estimation 

of metabolic pathways present in the microbial population. In chronic wounds, identifying virulence factors 

and antibiotic-resistance markers in the microbial community can be particularly helpful in selecting 

antimicrobial therapy. Using mNGS, Kalan and collaborators showed that an increase in genes related to 

biofilm formation in the microbial population was associated with non-healing DFU [34]. 
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 In conclusion, mNGS avoids amplification bias, captures both cellular and viral components of the 

community, and allows for species/strain -level analysis. These datasets are, however, more expensive to 

generate and require greater computational knowledge and resources to store, process, and analyze. 

Moreover, human-associated microbiomes often contain a large amount of human DNA contamination. 

This is especially problematic when sampling wound tissues and bone specimens. The vast majority of 

reads are human in unenriched samples [35], due to human contamination from lysed human cells and free 

cellular DNA. Thus, samples either need to be enriched, leading to low quantities of DNA and the potential 

to sequence contaminants or deeply sequenced, leading to extensive costs that greatly exceed the cost for 

culture. 

 Finally, although both amplicon-based and mNGS approaches allow the identification of 

microorganisms in an environmental sample, unlike cultures they do not distinguish living from dead or 

dormant microorganisms. For this reason, and because many chronic wound samples reveal multiple 

isolates, it is particularly challenging to identify which microbes are actively contributing to infection in 

this setting. 

Different Approaches May Reveal Different Microbial Populations 

 Culture-based approaches for the identification and quantitation of microbes in wounds are limited 

by the fact that various factors impair their ability to identify the causative microorganisms that are both 

viable and actively infecting (rather than colonizing or contaminating) the wound. A first step in obtaining 

accurate results is to obtain high-quality samples to submit for culture. This begins with proper cleaning 

and debriding the wound (mainly performed by a specialized surgery in the operating room), then having 

specimens collected by an appropriately trained clinician supplied with proper equipment, taking tissue 

curetting or biopsies (not swabs), and ensuring the time and care to avoid procedures that might contaminate 

the specimen. To ensure the microorganisms in the specimen remain viable uncontaminated and viable, 

they must be carefully handled and quickly delivered to the microbiology lab for culturing using adapted 

transport methods and media. In the laboratory, specimens must be inoculated on the proper media, under 
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appropriate conditions, and for the required duration to allow growth (especially if seeking anaerobic 

prokaryotes). Oftentimes, culture results identify and report organisms that easily grow in the laboratory 

environment, but that underestimates the diversity of the skin microbiota in samples from both healthy hosts 

and those with a chronic wound [16, 36]. Obligately anaerobic prokaryotes are often present in DFUs, but 

they are often fastidious and are only detectable impeccable culture methods or molecular sequencing 

approaches [19]. Thus, cultures may have a high false-negative rate and lack full representation of the 

complete microbial population in wounds. 

 With microbiome surveys becoming more prevalent in studies of patients with chronic wounds or 

DFUs, it is important to compare the techniques the authors used and assess their limitations. In a 2016 

study, Meisel et al. compared the effect of sequencing different 16S hypervariable regions for studying skin 

microbiota samples. Their results suggest that the V1-V3 region provides a more accurate taxonomic 

assessment than the V4 region [37]. Moreover, the authors compared the genetic predictions based on 16S 

rRNA sequencing and pathways annotations from mNGS datasets. The two approaches revealed similar 

results, suggesting that in some instances genetic prediction can provide a reasonable estimate of functional 

enrichment when mNGS cannot be performed. 

The Dynamic DFU Microbiome 

The Diabetic Skin Microbiome 

 The skin microbiome is not only a complex (containing multiple species) but a highly dynamic 

microbial community that maintains an interdependent relationship with the human host. In a healthy state, 

skin commensal microbes co-exist with their human hosts and help prevent potential pathogens from 

colonizing the skin. In response to skin damage, the host immune system triggers an inflammatory cascade 

to help avert pathogen invasion and initiate the healing process. Some bacteria residing on the skin can 

exert antimicrobial activities against pathogens [38] or decrease the pathogen virulence [39] to protect the 

host. Importantly, commensal microbes can often be distinguished from pathogens based on pathogen-
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associated molecular patterns (PAMPs) or molecules that are associated with infectious agents in the 

affected tissue [40, 41]. That said, organisms that are often considered non-pathogens can cause infection 

in hosts with impaired immunity or who have recently received antimicrobial treatment. 

 When immune responses are impaired, as is often the case of persons with diabetes, they may fail 

to prevent colonization by pathogenic bacteria in the wounded tissue. In chronically infected wounds, many 

bacteria form a biofilm, in which they irreversibly attach to and grow on a surface, produce extracellular 

polymers that facilitate matrix formation, and alter their phenotype with respect to growth rate and gene 

transcription.  

 Of note, studies have demonstrated clinically relevant differences in the foot’s skin microbiome 

between non-diabetic and diabetic individuals, which likely contribute to the higher rates of skin-associated 

infectious diseases in diabetic patients [42]. A recent longitudinal study [43] followed patients with 

uninfected DFUs over a period of 10 weeks, comparing the microbial population of the DFU to the skin on 

the contralateral site on the same patient, as well as a control group of healthy subjects without diabetes. 

They found that the microbiome of the wound was different from the unaffected skin in the diabetic patients 

(contralateral site to the wound), and notably, the microbiome of the unaffected skin was significantly less 

diverse in these diabetic persons than that in non-diabetic persons. They also identified 69 operational 

taxonomic units (OTUs) specific to the diabetic skin microbiome that may provide further insight into 

variations in healing. 

DFU Microbial Composition and Patient Outcomes 

 Predictive analytics (using data, statistical algorithms, and machine learning techniques to identify 

the likelihood of future outcomes based on historical data) can help to guide treatment by identifying 

patterns in microbial species composition linked to patient outcomes. Several recent studies have begun to 

explore differentiating the microbial composition of healing and chronic wounds. In one, infected DFUs 

with a long duration (≥ 6 weeks) were found to have a more diverse microbiome than rapidly-healing ones 

[44]. These severely infected DFUs had altered microbial community structures compared to mild or 
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moderate infections, showing a stratification between wounds and their severity. Moreover, results from 

MacDonald et al., 2019 suggested that healing DFUs had a higher abundance of Actinomycetales and 

Staphylococcaceae, while non-healing DFUs showed higher abundances of Bacteroidales and 

Streptococcaceae [45]. Facultative anaerobes, especially of the genus Enterobacter, were found to be 

significantly associated with lack of healing, and thus a negative prognostic factor derived from knowing 

the chronic wound microbiome [46]. However, despite these trends no statistically significant correlation 

was found between wound status (healed versus unhealed) and the abundance of any particular taxa at the 

species or genus level in several other studies [29, 43, 47].  

 Bacterial strain-level variations can also have important functional differences that influence their 

interactions with their host. Staphylococci isolated from DFUs have been found to be genetically diverse 

[48], among which S. aureus is a major colonizer that produces abundant biofilm and thereby inhibits 

wound healing resulting in wound infections [49, 50]. Kalan and colleagues found that for DFU, using 

mNGS showed that variations in strains of S. aureus were correlated with ulcer healing time [34]. 

Importantly, strain-level variation of S. aureus genes was also predictive of poor outcomes in a type 2 

diabetes mouse model [34]. 

 The occurrence of pathogenic and multi-drug resistant strains like methicillin-resistant S. aureus 

(MRSA) strains negatively influences treatment outcomes and leads to chronicity of ulcers [49, 51, 52]. 

Shettigar and Murali, 2020 recently grouped strains of S. aureus into clonal lineages, along with their 

associated virulence markers involved in skin and wound infection to help in distinguishing between 

colonizing and pathogenic strains [52]. Using mNGS sequencing, determining the presence of genes 

encoding antibiotic resistance, and virulence factors can help in better understanding and predicting patient 

outcomes. Kalan et al. 2019 showed that antibiotic-resistance genes are abundant in microorganisms 

comprising the DFU microbiome. In particular, the authors isolated a complete genome for S. aureus that 

carried multiple antibiotic-resistance genes and found it was most abundant in samples from patients with 

poor outcomes [34]. Slow-healing and chronic wounds were also enriched with organisms in biofilm-

related pathways, including the agrABCD operon that encodes genes important for biofilm development 
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and virulence [34]. Likewise, Sloan et al. 2019 identified genes for tetracycline and macrolide resistance in 

strains of Streptococcus anginosus and Prevotella intermedia from DFU samples [47]. However, neither 

tetracyclines nor macrolides are currently commonly used by clinicians for treating diabetic foot infections, 

except in selected scenarios, e.g., for patients who are penicillin-allergic or for infections with pathogens 

that are resistant to other commonly used antibiotic agents. 

 Due to the polymicrobial nature of DFU, understanding the complex interactions between 

pathogens and the commensal flora, rather than the simple presence or absence of specific bacteria, is often 

more informative with respect to the evolution of the wound [53]. For example, the pathogenic effects of 

anaerobes can be increased by the presence of aerobes as they consume oxygen inducing tissue hypoxia, 

and facilitating the growth of anaerobes [54, 55]. Such symbiotic relationships are defined as the 

cooperative interaction of two or more species that may result in an increase in virulence leading to delayed 

healing [56]. Pseudomonas aeruginosa and S. aureus, the two most common causes of chronic wound 

infections, are frequently found together and combined P. aeruginosa and S. aureus infections are more 

virulent than single infections [57–60]. Additionally, a wound model has shown that when grown in culture 

together, P. aeruginosa and S. aureus display an enhanced antibiotic tolerance [60]. Bacteroides fragilis 

has been reported in several studies as the predominant anaerobic bacteria isolated in DFIs [61–63], and is 

also important in community dynamics and biological interactions. Mastropaolo et al. 2005 demonstrated 

the effect of polymicrobial infection involving Escherichia coli, Bacteroides fragilis, and Clostridium 

perfringens in a mouse model of type 2 diabetes [64]. 

 Aside from synergistic interactions between pathogens, competitive interaction between non-

pathogenic commensal bacteria and pathogens have been observed in wounds. Indeed, the presence of the 

commensal Helcococcus kunzii in wounds significantly reduced the virulence of the S. aureus without 

directly modifying the host defense response [39]. In addition, prophage inserted into the S. aureus host 

genome in a DFU also appears to attenuate bacterial virulence [31]. All in all, there is growing evidence 

that polymicrobial interactions may synergize the pathogenic potential or decrease the virulence of other 

microorganisms and have a major impact on the severity and evolution of wound infection. Therefore, it is 
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of great importance to move beyond the presence/absence survey of bacteria in DFUs and exploring 

potential microbial interactions in wounds. 

Effect of Medical Intervention on the DFU Microbiome 

 Effective therapeutic interventions are critical to the management of a DFU to prevent them from 

becoming infected or chronic, which can lead to many adverse consequences, including lower extremity 

amputation. Required treatments generally include adequate glycemic control as well as the debridement 

of compromised or necrotic tissues, offloading pressure, covering wounds with appropriate dressings, and 

for clinically infected wounds, administering appropriate antimicrobial therapy [65]. It is also useful to 

monitoring the evolution of the DFU microbiome in response to treatment to help ensure that: 1) new 

pathogens have not emerged that are not covered by the current antibiotic treatment; 2) the antimicrobial 

therapy is the narrowest spectrum needed, in concordance with the principles of antibiotic stewardship [66]; 

and, 3) the target organisms are being eradicated with the current treatment.  

 Of course, antibiotic treatment itself may drive major changes in wound microbiota composition 

[16, 45, 67, 68]. Sloan et al. 2019 found a reduction in microbial diversity in DFU wounds after affected 

patients had been treated with doxycycline, ciprofloxacin, and metronidazole [47]. This reduction in 

diversity can potentially lead to the unchecked growth of pathogens in the wound. For example, empirical 

treatment with doxycycline in a DFU was followed later by an expansion of streptococci, while in another 

wound a subsequent expansion of Enterobacteriaceae was observed following treatment with co-amoxiclav 

to an episode of clinical infection caused by Anaerococcus and Peptonophilus [47]. Other studies report 

contradictory evidence, where DFUs in patients with exposure to systemic antibiotics who demonstrated 

delayed healing remained stagnant and did not show any significant changes in terms of microbial 

community diversity or composition [29, 34], compared to those that healed. Loesche and colleagues 

propose that wounds should optimally be dynamic during the healing process, where the microbiome shifts 

from infected to normal skin flora [29].  

 Wound debridement and wound dressings have also been shown to significantly modify the wound 
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microbiome in DFU patients, with evidence that this led to favorable outcomes [34], even for long-term 

chronic wounds [43]. However, Verbanic et al. 2020 found no difference in the wound microbiome between 

pre-debridement and 1-2 mins post-debridement specimens [46], suggesting that debridement did not alter 

the wound microbiome directly in the short term. Notably, in this study, the extent and depth of 

debridement, as well as the type of instrument used (curette, scalpel, scissors, or tissue nipper), was not 

standardized and was determined by the treating physician. Additionally, abrupt changes in DFU 

community composition have also been reported without any obvious causes, such as antibiotic exposure 

or the development of clinical infections [47]. Other treatments, like probiotic bacteria and phage therapy 

are potential alternatives that may have effects on the DFU microbiome, but have not yet been well-defined 

[69–71]. 

 Finally, the effect of antibiotics may be limited, especially under in light of the increasing problem 

of antimicrobial drug resistance. When antibiotic-resistant bacteria emerge, they are typically difficult to 

eradicate, contributing to the low efficiency of antibiotic therapy in DFU management [15, 41]. 

Additionally, many clinics rely on a traditional culture that underestimates wound flora and may lead to 

inappropriate antibiotics prescribed in up to 45% of cases [72, 73]. The excessive (too broad-spectrum or 

of unnecessarily long duration) or inappropriate (treating clinically uninfected wounds) use of antibiotics 

not only results in ineffective treatment but also aggravates the world-wide crisis of antibiotic resistance. 

mNGS sequencing holds great promise as a method to accurately and quickly detect and quantify genes 

related to antibiotic resistance, thus assisting clinicians to better select the most appropriate antibiotic 

regimen. However, long-term adoption and utility of these methods in the clinic may be limited, given the 

relatively long time to get a result and difficulties in convincing both clinicians and patients to change to a 

more targeted drug once a course of broad-spectrum antibiotics has been started. 

Moving to the Clinic 

 Despite recent strides in research in the microbiology of DFU, using molecular approaches (16S 

rRNA and mNGS) to assess the composition of the microbial community, developing a clinical diagnostic 
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algorithm and using these approaches will require first demonstrating both their clinical validity and utility. 

Specifically, clinical trials must not only validate molecular results compared to culture but also assess the 

cost-effectiveness of the resulting treatment approaches. In particular, are the added costs for molecular 

methods justified by providing faster and more comprehensive results that improve outcomes, either for the 

patient or for society as a whole? Can molecular diagnostics prevent hospitalization and amputation in a 

significant number of patients with wound infections? Further, if mNGS detects antibiotic resistance or 

virulence genes, are these genes expressed, and is it helpful to use this information to select an optimal 

antibiotic regimen? Currently, these questions remain unanswered.  

 Temporal patterns and system dynamics in DFU. In addition to providing results that validate 

culture, mNGS approaches also have the potential to provide unbiased information on the abundance of 

organisms in the entire community. This may result in recognizing that knowing which combinations of 

organisms are present and their relative abundance in the community are associated with improved patient 

outcomes and the clinical or environmental factors that drive these differences. These complex interactions 

between microbes, the human host, and the skin environment are key to holistically understanding wound 

ecology. Yet, capturing the richness of these community dynamics requires temporal sampling to capture 

the full richness of community interactions. It will also be important to determine if, and how often, wounds 

should be sampled to determine the microbiome present. The frequency of sampling should probably match 

the rate of change of the system to reveal characteristic fluctuations in microbial communities based on 

factors that are clinically or environmentally cogent.  

 To date, most studies of patients with a DFU are limited by both cohort size and sample collection 

methods and frequency, thus preventing the detection of dynamic dependencies in community composition. 

In particular, small cohort studies lack statistical robustness and cannot be used worldwide by adjusting for 

geographic differences [41, 74]. Thus, developing methods to measure and monitor microbial communities 

in DFU over time to detect their association with patterns of healing may require careful data pooling and 

machine learning techniques. These techniques could, however, be useful if detecting certain patterns 

provides clinically relevant early warning signs in wound ecology. These computational methods could 
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provide a deeper understanding of the microbial dynamics in DFU; this, combined with properly applied 

predictive analytics, could promote targeted and evidence-based therapeutics and patient care with better 

outcomes. 

 Before being recommended for widespread clinical use, molecular diagnostics must be carefully 

validated in the lab to test the limits of detection of microbes, to ensure low rates of false positive or negative 

findings, and to monitor for contaminants in reagents or poorly obtained or processed microbial samples 

[35]. Moreover, most studies lack control subjects to ensure any detected differences in microbial 

community composition and dysbiosis in ulcers are accurate. To our knowledge, the study by Gardiner et 

al. is the only one that employed a control group, and they had only eight control subjects [43]. Similarly, 

there is currently no standard protocol for processing samples and consistently analyzing them. As such, 

results from relevant studies are inconsistent, and the differences in microbial diversity and composition 

they demonstrate may be due to biases rather than true biological differences. For example, factors such as 

patient demographics, clinical characteristics, sampling and sequencing protocols, and downstream 

analytical methods vary widely across studies. Most importantly, metagenomic studies rarely report the 

types of wounds and treatment characteristics. Knowing about the performance of wound debridement, the 

grade of the wound, and the depth of infection are critical to allow comparisons and meta-analyses of these 

studies. 

 Moving molecular diagnostics into the clinic will require first building a standard workflow to 

translate these advanced techniques into corroborated clinical evidence. Currently, reports from mNGS 

datasets contain diverse microbes that are not typically observed in culture-based analyses, but we do not 

know which are clinically relevant. Additionally, virulence factors and antibiotic resistance genes are 

detected but not quantified based on gene expression levels, making their relevance to clinical decisions 

also unclear. Lastly, because most physicians are not trained to work with or understand mNGS data, there 

is a major barrier in interpreting the complex and often contradictory results they provide when it comes to 

choosing antibiotic therapy. These technologically advanced mNGS methods have given us a broader and 

more accurate view of the microbiome of wounds. However, it is still difficult to interpret the meaning of 
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these data. Thus, as the most recent guidelines for managing diabetic foot infections suggest [65], we will 

need further research and refinement before moving into the clinic. 

Conclusions 

 Diabetic foot ulcers are one of the most common, costly, and severe complications of diabetes that 

have been regarded as a major public health problem. Accurate identification of causative pathogens is 

essential for early diagnosis and proper treatment. In this review, we have highlighted the latest 

developments in defining the microbiology of DFUs unveiled by sequencing technologies with an emphasis 

on temporal analysis and system dynamics and discuss both the future promises and current limitations of 

these approaches. Metagenomics can enable the detection of majority microorganisms compared to 

traditional culture-based techniques, particularly in terms of not yet cultivable bacteria. Molecular tests 

conducted during weekly office visits to clean and examine DFUs would allow clinicians to offer 

personalized treatment and antibiotic therapy. Personalized wound management could reduce healthcare 

costs, improve quality of life for patients, and recoup lost productivity that is not only important to the 

patient, but also to healthcare payers and providers. These efforts could also improve antibiotic stewardship 

and control the rise of “superbugs” vital to global health. Moreover, other recently developed approaches 

like culturomics may provide a better assessment of minority flora. Future studies using such 

complementary tools to molecular methods will provide more comprehensive insights into the diabetic foot 

microbiome. 
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Figures 

Fig. 1 mNGS workflow. mNGS analysis mainly involves three steps: (A) isolation of the DNA from 

clinical samples, (B) library generation and sequencing, (C) computational analysis of the sequence reads 

to identify the organisms and their relative abundances in each sample, and the presence of virulence-related 

genes. 
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Tables 

Table1: Advantages and limitations of approaches for clinical diagnosis of microbes 

Technique Definition Pros Cons Used in 
clinics 

Conventional Culture Growth in culture to isolate a pure 
sample followed by phenotypic 
analysis. 

Identification of features 
such as the ability to grow 
on specific culture 
mediums, antibiotic 
resistance and 
biochemical attributes 
such as the ability to alter 
particular substrates. 

Possible only for a 
small fraction of 
organisms, and highly 
variable growth rate 
may lead to biases in 
detection. 
Additionally, the 
method is slow and 
takes 48-72 hours to 
generate results. 

Yes 

Microscopy Microscopy-based approach that 
utilizes a short culture period 
followed by fluorescence-based 
tagging of microbes with antibodies 
and DNA probes. The sample then 
flows across the microscope field 
with automated computer-based 
identification of both microbial 
shape and automated fluorescence 
detection. 

A large number of 
samples can be processed 
rapidly. 

Biases in culture 
approaches to enrich 
the microbes, and in 
detection. Difficult to 
adapt to non-bacterial 
pathogens. 

Yes 

Mass Spectrometry Matrix-assisted laser desorption 
  ionization-time of flight (MALDI-
TOF) mass spectrometry for the 
identification of bacteria. A pure 
culture is ionized and the mass 
spectra of the resulting protein 
fragments compared to a reference 
database to match patterns of known 
organisms. Recent advances to the 
method allow cruder preparations to 
be analyzed and even negate the 
need for culture. 

Rapid and low-cost once 
the initial equipment has 
been installed. 

Difficulty in detecting 
drug resistance and 
virulence, and in 
detecting viruses, fungi, 
and parasites. 
Additionally, complex 
mixtures of organisms 
can present an 
unsolvable mass 
spectra making its 
utility best suited to 
scenarios in which only 
a single organism is 
expected. 

Yes 

Polymerase Chain Reaction Sequencing of specific unique 
sequences in the genomes or 
transcriptomes of organisms, 
leading to the creation of an 
amplicon used to detect the presence 
of that organism. Additionally, 
primers can be designed to indicate 
the presence of drug resistance and 
virulence gene sequences. 

Rapid and low-cost. Limited range of 
organisms that can be 
identified. Inability to 
identify organisms that 
are not present in the 
panel design, and the 
assumption that target 
sequences is unique to 
a particular organim. 

Yes 
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Microarray Multiple DNA probes are fixed to a 
solid surface and hybridized to 
sample DNA fragments that are 
modified (typically with fluorescent 
tags or a means to generate 
fluorescence following 
hybridization) that allow detection 
of probes with hybridized sample 
DNA. 

Ability to detect and 
identify a broad range of 
organisms and their drug 
resistance and virulence 
sequences in a single 
assay. Can be used to 
analyze mixtures of 
organisms. 

Difficulties in 
designing appropriate 
probes, 
difficulties in 
distinguishing 
organisms at the strain 
level. Issues of 
specificity and time 
required to perform the 
assay. 

No 

DGGE / TGGE on the SSU 
rRNA gene 

Molecular fingerprinting targeting 
the SSU rRNA gene. 

Rapid visualization of 
prokaryotes community 
changes. 

Do not allow the 
identification of the 
specific prokaryotic 
species involved. 

No 

16S rRNA sequencing Amplicon sequencing on the SSU 
rRNA gene 

Allow the identification 
and characterization of 
microbial diversity 

Do not allow strain-
level description of the 
community, do not take 
into account the viral 
and eukaryotic fraction 
of the population 

No 

Metagenomic Next-Generation 
Sequencing (mNGS) 

DNA is sheared randomly into small 
segments and sequenced. 

Taxonomic identification 
of bacteria to the species 
or strain level, detection 
of virulence factors and 
antibiotic-resistance 
genes. 

High amounts of host 
DNA contamination, 
high cost of 
sequencing. 
  

No 
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Abstract 

 Diabetic foot ulcers (DFUs) are among the most common, severe, and costly complications of 

diabetes, and are a leading cause of diabetes-associated limb amputation and hospitalization. The skin 

microbiome plays an important role in wound progression where the colonization of the wound by 

pathogenic bacteria can lead to persistent infection and inflammation. Molecular-based sequencing 

techniques have provided a better understanding of the DFU-associated microbiome, but patient cohorts 

are typically limited in size and studies often produce inconsistent results. Indeed, technical variabilities 

across studies arising from differences in sampling and sequencing protocols can partially explain the 

heterogeneity of the diabetic foot microbiome studies, however, these effects are currently under-defined. 

To address these issues, we performed a meta-analysis across DFU studies and found that the study 

cohort, geographic location, sampling method, and 16S rRNA sequencing region had a significant impact 

on the observed wound microbial community composition. Leveraging this harmonized dataset, we built 

a predictive model to investigate the association between dynamic changes in the genus-level microbial 

populations and wound outcomes. This model allowed us to identify the presence of two genera from 

Actinomycetia class, Actinomyces and Brevibacterium, as strong predictors of wound status. Finally, we 

ensured the long-term reuse of these datasets by developing a web-based database WoundDB, that 

integrates these cross-sectional and longitudinal datasets into a unique search interface. 

Introduction 

 Diabetes mellitus is a long-term metabolic disorder that has become one of the deadliest diseases 

worldwide. Approximately 537 million adults world-wide are living with diabetes with a predicted increase 

in incidence of 46% in the next 25 years1. Diabetes is characterized by high blood sugar, known as 

hyperglycemia, which can lead to serious damage to body systems over time, especially the nerves and 

blood vessels. One of the most common, costly, and severe complications is diabetic foot ulcers (DFUs) 

occurring in 15 - 25% of diabetic patients2. It has been reported that around 20% of DFU patients are 
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estimated to lead to lower-extremity amputation and the five-year mortality for DFUs, minor and major 

amputation are 30.5, 46.2, and 56.6%3–5. In addition, the financial burden of diabetic foot care in the United 

States ranges from $9 to $13 billion6. 

 When a skin injury occurs, the human immune system triggers the inflammatory cascade to initiate 

the healing process and prevent pathogen invasion. However, due to the combination of peripheral 

neuropathy, ischemia, and hyperglycemia, the immune responses and natural defense mechanisms are 

impaired in diabetic patients which may allow the colonization of pathogenic bacteria in the lesions. 

Understanding the complex interactions between microorganisms colonizing the wound, wound care, and 

host genetics necessitate large-scale and well-described patient cohorts and is critical to the assessment of 

treatment strategies of DFUs. Current next-generation sequencing (NGS) techniques such as 16S rRNA 

amplicon sequencing have revealed the polymicrobial nature of DFU-associated microbiota and allow for 

a more comprehensive description of the diverse and dynamic microorganism population that has been 

missed using conventional culture-based methods7,8. Despite these promising advances, the effect of sample 

collection, preparation, sequencing, and analysis methods may contribute to inconsistent results across 

cohort studies, yet the impact of these factors has not been fully assessed in the context of DFU microbiome 

profiling. Moreover, while several longitudinal studies have explored the dynamics of the microbial 

communities of DFUs over time and identified specific transition patterns associated with healing time9,10, 

no significant correlation has been found between the final wound healing status and the abundance or 

dynamics of any particular taxa due to limited patient cohorts4,23. A meta-analysis combining microbiome 

studies allows for more robust and generalizable discovery of patterns that characterize the wound-

associated microbiota 11,12. This approach has been particularly relevant in metagenomic studies as it allows 

to identify variation in microbial composition due to differences in technical and population characteristics 

13–15. Importantly, existing meta-analyses of DFU cohorts focus on disease prevalence and associated 

clinical factors of DFUs16,17 but do not include microbial information. 

 In this study, we performed a meta-analysis across seven DFU studies to 1) evaluate the impact of 

technical and demographic variables on the resulting wound microbiome; 2) build a predictive model 
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leveraging 16S rRNA profiles to investigate the role of the dynamic microbiome in the wound outcomes. 

We show that the inter-individual variation explains the majority of the variance observed in the DFU 

microbiome, while geographical location and technical variations such as sampling method, and sequencing 

region also have a significant impact on the microbial community profiles obtained. We used a random 

forest model to improve our understanding of the relationship between the wound microbial dynamics and 

patient outcomes, which identified microbial taxa, such as the genera Actinomyces and Brevibacterium, that 

appear to be informative indicators of wound outcome. Finally, we developed an online resource database 

WoundDB that offers a web-based interface for the queries and download of both cross-sectional and 

longitudinal wound microbiota datasets. This database enables the reuse of the datasets for this present 

meta-analysis for future studies and ensures the reproducibility of our analysis. 

Methods 

Data Collection and Normalization 

 Data search was performed using Publish or Perish18 with the criteria of title words “(diabetic OR 

diabetes) AND (wound OR ulcer OR wounds OR ulcers)” and keywords “16S OR sequence” in Google 

Scholar from 2009 to 2020. Seven 16S rRNA sequencing datasets were selected from publicly available 

publications and labeled as Park201919, Sloan20199, Malone201920, Malone2017a21, Malone2017b22, 

Loesche201710, and Gardiner201723. Raw sequence data and metadata were retrieved from the NCBI, EBI, 

or directly from the authors. The final dataset included two cross-sectional DFU datasets (one-time 

sampling per patient) and five longitudinal DFU datasets (multiple sampling points over the evolution of 

the wound). Detailed information on the datasets is provided in Table 1. Samples with antibiotic therapy 

prior to sampling were excluded due to potential cofounding effects of antibiotics on the bacterial 

community composition. Cross-sectional datasets and the baseline sampling point (initial visit) of 

longitudinal datasets were used to evaluate the impact of technical and demographic factors on the resulting 

microbial communities, including sampling method, sequencing region, study cohort, and geographical 
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location. Longitudinal datasets were used for machine learning model construction to discriminate the 

wound outcomes based on the microbial composition. 

16S Data Preprocessing, ASV Table Generation, and Taxonomy Assignment 

 All reads in FASTQ format were imported into FastQC24 for the initial sequence quality control 

check. Barcodes and primers within the reads were removed using Cutadapt25 and paired-end reads (read 

length shown in Table 1) were merged based on a minimum overlap of 10 bp using PEAR26. Using the R 

package DADA227, the merged sequences were filtered at 𝑚𝑎𝑥𝐸𝐸 = 2 to remove sequences with two or 

more expected errors28, and sequences amplified from the V4 region were trimmed to a uniform length of 

250 bp while sequences amplified from the V1-V3 region were trimmed to a uniform length of 460 bp. 

Sequences from the V4 region and the V1-V3 region were separately clustered using de novo clustering at 

100% similarity to construct the respective amplicon sequence variant (ASV) table. After removing 

chimeras, ASVs were assigned to taxonomy against SILVA29 16S rRNA gene reference database version 

138.1 and merged at the genus level. Taxa identified as contaminants compared with background control 

samples in each original study were excluded from respective samples. Two genus-annotated ASV tables 

(V4 and V1-V3) were then combined into one matrix where the rows represented samples and the columns 

contained observed counts of each genus. 

Diversity Analysis and Statistics 

 The genus count matrix was imported into Phyloseq30 and normalized by rarefying to the same 

depth per sample as the smallest library size (n = 1,012 reads). Alpha diversity and genus richness within a 

sample were calculated by Shannon indices and Chao1 respectively. Wilcoxon rank sum tests were 

performed on alpha diversity to evaluate the impact of sampling method (swab vs tissue), sequencing region 

(V4 vs V1-V3), study cohort (Park2019, Sloan2019, Malone2019, Malone2017a, Malone2017b, 

Loesche2017, and Gardiner2017), and geographical location (Australia, South Korea, United Kingdom, 

United States) on the DFU microbiome by pairwise comparison between group levels. Beta diversity that 
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represents the community dissimilarity between samples was calculated with the Bray-Curtis dissimilarity 

index and the resulting distance matrix was used for PCoA visualization and PERMANOVA variance 

testing performed using the vegan31 package in R32. 

Random Forest Machine Learning Model 

 Patients with multiple sampling and sequencing data points from four longitudinal datasets 

(Sloan2019, Malone2019, Loesche2017, and Gardiner2017) were selected to train and test a random forest 

model to predict wound outcomes using the changes in microbial composition as predictors. For each 

patient, samples were excluded if: (i) they failed in sequencing; (ii) if an antibiotic was reported prior to the 

sampling point; and/or (iii) if the sampling metadata did not include a measure of the wound surface size. 

The classification of wound outcome was determined by the changes in surface size between continuous 

visits, where healing was defined as a reduction in wound area since the last visit and non-healing was 

defined as no change or greater wound area since the last visit. The changes in wound microbial composition 

were represented by the differences in the relative abundance of each genus between continuous visits. 

Genera presenting in more than 10% of samples were selected as model features. 

 The machine learning modeling was implemented using Tidymodels33. First, the dataset was 

divided into 80% of the training set and 20% of the testing set. The training set was balanced by 

oversampling method SMOTE34 due to the uneven distribution of sample classification. Then, model 

parameters were tuned by 10-fold cross-validation on the training set and the best ones were selected based 

on the AUC (area under the curve). The random forest predictive model was finalized with chosen 

parameters and its performance was evaluated on the testing set. 

Database Construction 

 Datasets included in the database were described in the Data Collection and summarized in Table 

1. We integrated the information available in the NCBI BioSample database, published papers, and 

supplemental materials. In NCBI, sample metadata is available through free-text fields that do not strictly 
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enforce any naming or style conventions. Therefore, these fields required manual curation to be leveraged 

in a unified database. In this project, information about the patient (Localization, Disease, Age, Sex, BMI, 

Etiology, and HbA1c status) was collected and curated. Additionally, information about the wound (Type 

of wound and localization, duration of the wound, final healing status, number of days to heal) and about 

the sample (sampling method, treatment applied before sampling, and time since the last sample) was 

collected and curated. 

Web-Platform Implementation 

 The WoundDB web architecture consists of an interactive user interface created using Shiny R and 

hosted at this address: https://hurwitzlab.shinyapps.io/WoundDB/. The code is available on GitHub from 

https://github.com/hurwitzlab/WoundDB_app. Documentation is available in Gitbook accessible through 

the web interface (see the documentation tab). The WoundDB home page gives an overview of the project's 

goals and latest developments. Two tabs allow users to access the main components of the database. The 

WoundDB user interface is divided into a ‘patient search’ tab that allows users to search, select and 

download datasets using patients and wound characteristics and a ‘sample search’ tab that allows users to 

search, select and download datasets using sample and sequencing characteristics. 

Results 

Datasets Overview and Meta-analysis Design 

 16S rRNA datasets were collected from seven DFU studies including two cross-sectional datasets 

and five longitudinal datasets (Table 1). A total of 201 baseline samples without antibiotic therapy were 

selected for meta-analysis of the microbial communities in DFUs. After data preprocessing, 19 samples 

were removed due to a low number of 16S rRNA sequence reads, leaving 182 samples available for 

microbiome profiling and diversity analysis. Among these 182 samples, 91 samples represent the V4 region 

resulting in 5,210,186 high-quality sequences, and 91 samples represent the V1-V3 region resulting in 

2,976,352 high-quality sequences. In total, 8,186,538 high-quality sequences were used, with a median 
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coverage of 22,938 sequences per sample (range 1,012–379,051). De novo clustering at 100% sequence 

similarity identified 5,760 ASVs for the V4 region and 3,813 ASVs for the V1-V3 region. A representative 

sequence of each ASV was used to assigned to 617 unique genera. Sequences corresponding to the genera 

Geobacillus, Bacillus, and Lactococcus in the samples from the Loesche2017 study and the genera 

Halomonas and Shewanella in the samples from the Sloan2019 study were removed because these were 

identified as contaminants in the negative controls in the original studies. After their removel, 95.68% of 

filtered sequences with genus-level annotation remained for further analysis. 

Characterization of DFU Microbiome 

 The overall DFU microbiome was determined by the meta-analysis of 16S rRNA sequencing data 

across seven studies including 182 samples (Fig. 1, Supplementary Table S1). Genus-level ASV tables from 

V1-V3 and V4 regions were combined and rarefied to the same depth of 1,012 sequences per sample. The 

most abundant genus was Staphylococcus: it was present in 155 of the 182 samples with an average relative 

abundance of 23.58%. Species identified from the Staphylococcus ASVs were S. aureus, S. epidermidis, S. 

pettenkoferi, S. lugdunensis, S. haemolyticus, S. simulans, and S. hominis. Other core genera with an 

average relative abundance ³ 5% were Streptococcus (11.47%, 113 of 182 samples), Corynebacterium 

(10.35%, 143 of 182 samples), and Anaerococcus (5.99%, 112 of 182 samples). 

Factors Influencing Microbial Community Diversity and Composition 

 We first assessed the impact of demographic and technical variables such as the study cohort, 

geographic location, sampling method, and sequencing region on the observed wound alpha diversity. The 

observed richness and estimated richness Chao1 of Park2019 were significantly less than other studies 

except for Malone2019, while Malone2017a and Malone2017b had a higher genus diversity than other 

studies (Unpaired Wilcoxon FDR corrected p < 0.05) (Fig. 2A). Samples from South Korean patients had 

the lowest alpha diversity and were statistically lower than samples from Australian patients (Unpaired 

Wilcoxon on Shannon index FDR corrected p < 0.05, Fig. 2B). Samples sequenced using the V4 region 
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allowed for a higher microbial richness than the V1-V3 region (Unpaired Wilcoxon on Chao1 index FDR 

corrected p < 0.05, Fig. 2C). Interestingly, no significant differences were found between the two sampling 

methods used for the samples: swab and tissue samples (Unpaired Wilcoxon on Chao1 and Shannon index 

FDR corrected p > 0.05, Fig. 2D). 

 PERMANOVA test for group-level differences in beta diversity showed that the study cohort 

(9.07% variance explained), geographic location (5.71%), sequencing region (2.69%), and sampling 

method (2.56%) had significant impacts on overall DFU microbial composition respectively, with all 𝑝 <

0.001. No obvious clusters of samples were observed between samples in the PCoA plots (Fig. 3) as the 

majority of variation was from inter-individual differences between samples accounting for above 90% of 

the observed variance, which indicated that the DFU tended to be distinct from one another and the subject 

was the most significant factor influencing microbial communities. 

Discrimination of Wound Outcomes from DFU Microbial Composition 

 The random forest classifier was built based on 93 genus features from 388 labeled samples, 

including 259 healing and 129 non-healing samples to predict wound outcomes from the changes in the 

DFU microbiome. Overall, 80% of the dataset was used as the training set and 20% (78 samples) were used 

as the testing set. According to the 10-fold cross-validation on the oversampled training set, 200 decision 

trees consisting of 10 genus features were selected as the parameters for the random forest model. Its 

performance was evaluated on the testing set, which achieved an overall accuracy of 0.80 and AUC of 0.77 

(Supplementary Fig. S1), with a precision of 0.88 and recall of 0.32. The feature importance to the model 

was calculated by the Gini index (Supplementary Table S2). In addition to the most abundant genera (i.e., 

Staphylococcus, Streptococcus, Corynebacterium, and Anaerococcus), changes in the relative abundance 

of low abundant genera (i.e., average relative abundance < 5%), such as Actinomyces, Pseudomonas, 

Peptoniphilus, and Brevibacterium, were found as important features for the random forest classifier for 

wound outcomes discrimination (Fig. 4). 
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Database Content Overview 

 The first release of WoundDB includes 1,008 samples from 351 patients collected from 8 cohorts 

of chronic wounds from 5 different countries. Importantly, this database includes both cross-sectional (n = 

3) cohorts and longitudinal cohorts (n = 5). All datasets included to date were sequenced using 16S rRNA 

amplicon sequencing. Most patients included in the database had a DFU (n = 281) or a DFI (diabetic foot 

infection, n = 40), but the database also includes non-diabetic wound patients (n = 22) and samples from 

healthy control patients (n = 8) (Fig. 5). 

Search and Download Datasets of Interest 

 In WoundDB, the main search interface is divided into two options: searching and selecting patients 

(Fig. 6A) or searching and selecting samples (Fig. 6B). Through the “patient search” interface, users can 

select and download all samples coming from specific groups of patients sharing the same demographics 

or wound characteristics. On the other hand, through the ‘sample search’ interface, users can select and 

download specific samples sharing the same collection or sequencing strategy. Search results are displayed 

as summary charts and a table in the main interface. Search results are available for download as a tab-

delimited file or as a Phyloseq object containing the metadata and the taxonomic profiles. 

Integrating Cross-sectional and Longitudinal Datasets in One Database 

 Traditionally, human microbiome studies have leveraged two types of cohorts: the cross-sectional 

approach, including a single sample for as many individuals as possible; and the longitudinal approach 

which collects multiple samples for one individual over time. In the context of wound microbiome, both 

types of cohorts are valuable since they allow for an exploration of both inter-individual variation and 

temporal evolution of the wound microbiota. However, most ‘omics sequence repositories rely on a data 

model mostly suited for cross-sectional studies. As an example, the Sequence Read Archive (SRA) 

integrates the NCBI BioSample and BioProject database, which easily links sequences to their original 

samples, and samples to their original project. However, information on the patient from which the sample 
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was collected is only described in the metadata and is typically difficult to search. To integrate both types 

of datasets, we created a new data model that brings together information about the patients’ background 

and history, the wound characteristics, and changes in the microbial community over time, with the sample 

collection and sequencing information (Fig. 7). This model was specifically created to allow the integration 

of different types of cohorts and enable users to search for both cross-sectional and longitudinal 

information. 

Control Patients and Samples Integration 

 Another feature of the WoundDB is its integration of healthy control samples with patient samples. 

Microbial information from disease states is sometimes most informative when compared to a healthy state. 

This healthy control can come from healthy individuals, or in the case of the microbiome, from healthy skin 

next to the wound (adjacent control sample) or the healthy skin on the opposite limb (contra-lateral control 

sample). Importantly, in WoundDB, the control samples can be easily retrieved from the search interface 

along with the wound samples of interest. 

Discussion 

 DFUs are one of the most common complications of diabetes and have a serious impact on diabetic 

patients’ quality of life. Moreover, DFUs have become an important economic and societal health burden. 

The skin microbiome plays an important role in wound progression, given that the colonization of the 

wound by pathogenic bacteria can lead to the development of persistent infections and inflammation3. In 

this study, we performed a meta-analysis of 16S rRNA amplicon sequencing data across seven DFU cohort 

studies9,10,19–23 to systematically investigate the microbial community composition and its association with 

wound outcomes in DFUs. To further allow for the reuse of these datasets, we also built an online resource 

database WoundDB providing a suitable interface for querying and downloading both cross-sectional and 

longitudinal wound microbiome data. 

 Across the seven study cohorts, we determined that the global microbial composition of DFUs 
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consisted of the core genera Staphylococcus (23.58%), Streptococcus (11.47%), Corynebacterium 

(10.35%), and Anaerococcus (5.99%), followed by Pseudomonas, Finegoldia, and Prevotella. 

Staphylococcus, Streptococcus, and Corynebacterium. These genera have been consistently found as the 

most abundant genera within DFUs in individual studies, whereas low abundant genera vary across 

studies9,10,19,20,23. Importantly, inter-individual variation accounted for most of the variance observed in the 

DFU microbiome across studies. While the microbial community composition was individual-specific, the 

study cohorts, geographic location, sampling method, and sequencing region also had a significant impact 

on the observed DFU microbiome, which was also shown in a meta-analysis of the human fecal 

microbiome15. Previous experimental evidence for selecting appropriate 16S amplicons has demonstrated 

that measures of phylotype richness were higher for the V1–V3 region than for the V4 region35 and 

particularly in the context of the skin microbiome V4 region poorly captures skin commensal microbiota, 

especially Propionibacterium36. However, our meta-analysis showed that samples with sequences 

amplified from the V4 region had higher Alpha diversity than those from the V1-V3 region. The main 

reason for this contradiction was that more sequences from the V1-V3 region were filtered because of a 

low-quality score, resulting in a loss of taxonomic information. Such technical variability across studies 

can produce systematic biases that obscure biologically meaningful compositional differences and should 

be taken into account in future studies. 

 To assess the relevance of microbiome data in wound outcome predictions, we leveraged the 

longitudinal datasets9,10,20,23 to build a random forest model. The overall model accuracy was 0.80 with a 

high specificity of 0.98 and low sensitivity of 0.32, which was likely due to the sample size. In particular, 

the small number of non-healing cases did not provide enough information for machine learning models to 

distinguish between the two categories. It has been shown that the prediction power of microbiome data 

varies among studies and diseases, and the modeling across studies is less accurate in some cases12. In our 

case, the random forest classifier had limited capacity in detecting non-healing DFUs, but it could be useful 

as the result would be reliable when the model predicted a sample as non-healing. Importantly, the 

differential abundance between the time points for Staphylococcus, Streptococcus, Corynebacterium, 
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Actinomyces, Peptoniphilus, and Brevibacterium was identified as the most relevant features for this 

classifier. Interestingly, Actinomyces is a genus found in low abundance in the DFU samples (0.35%) and 

was not explored in the seven original studies used for this meta-analysis. This genus has been reported to 

be involved in a spectrum of human diseases including wound infections37. Smith et al. 201638 detected 

Actinomyces in the recurring DFUs and Saeb et al. 202139 reported it as the least abundant component of 

the DFU core microbiome. Moreover, Brevibacterium is another genus within the class Actinomycetia that 

is a member of the human skin flora. Our meta-analysis identified six Brevibacterium species via the 16S 

rRNA gene including B. otitidis, B. ravenspurgense, B. luteolum, B. avium, B. samyangense, and B. 

pityocampae. None of these species have previously been found to be directly related to DFUs to date, 

however, case reports have implicated Brevibacterium species as rare causes of osteomyelitis40, and B. 

massiliense has been identified as uncommon species in DFUs41. Therefore, these important low abundance 

microbes obtained from the classification model may be potential indicators of wound status and should be 

further validated when more DFU datasets are released. 

 To further enable the reuse and comparison of wound microbiome data, we developed a web-based 

database called WoundDB, allowing users to browse, explore and download metadata and microbiome data 

of both cross-sectional and longitudinal studies. The main search interface is divided into two sections: (1) 

a patient search, allowing users to select and download all sequence data and metadata associated with a 

group of patients, taking into account the longitudinal sample collection; (2) a more classic search interface, 

allowing to select and download sequence data and metadata of a group of samples. To allow for the 

complete reusability of our study, WoundDB also provides the option to download directly the microbial 

profiles as a Phyloseq object. Currently, WoundDB is in its first release and is expected to be updated 

regularly as new wound omics projects are made available. Additionally, ongoing development will extend 

our database to other skin microbiome-relevant topics. 

Conclusions 

 This study assesses the impact of demographic and technical factors on the microbial community 
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composition in DFUs and explores the role of the skin microbiome in wound outcomes. Our meta-analysis 

demonstrates the importance of sequencing methodology in determining microbial composition, which is 

important for the accurate identification of causative pathogens. In addition, we show that predictive models 

such as random forest approaches can provide new insights into the relationship between the dynamic 

wound microbiome evolution and patient health outcomes. The predictive model has the potential to 

classify wounds as healing or seriously infected based on the wound microbiome and should be improved 

with more applicable data for future diagnostic applications. Furthermore, we have developed WoundDB 

designated for both cross-sectional and longitudinal datasets, which complements the limitation of current 

public repositories and contributes to the reproducibility of wound-relevant data. 
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Figures 

Figure 1. Abundance Plot for the Top 10 Most Abundant Genera across Seven Study Cohorts 
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Figure 2. Alpha Diversity and Genus Richness. Alpha diversity and genus richness were calculated by 

Shannon index and Chao1. Wilcoxon rank sum tests were performed on Shannon index and Chao1 to 

evaluate the impact of (A) study cohort; (B) geographical location; (C) sequencing region; (D) sampling 

method. The pairwise comparison results were represented by adjusted p-value, where “ns” represented 

adjusted	p − value > 0.05. 
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Figure 3. PCoA Plot for Beta Diversity. (A) Study Cohort; (B) Geographical Location; (C) Sequencing 

Region; (D) Sampling Method. 
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Figure 4. Genus Feature Importance to Random Forest Model 
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Figure 5. Database Content Overview. Database Content Overview. (A) Wound Distribution by Patient 

Disease (colored by wound etiology); (B) Wound Distribution by Wound Type (colored by wound 

location); (C) Wound Samples’ Distribution by Project (colored by sampling method); (D) Wound 

Samples’ Distribution by Project (colored by sequencing region). 
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Figure 6. WoundDB Search Interface. (A) Patient Search; (B) Sample Search. 

 

Figure 7. Data Model for the Integration of Cross-sectional and Longitudinal Datasets. During wound 

progression, for cross-sectional studies, the wound of each patient was sampled and sequenced once and 

for longitudinal studies, the wound of each patient was sampled and sequenced at multiple time points. 
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Tables 

Table 1. Datasets Used for Meta-analysis and Database Construction. 

Table 1. Dataset Summary 

Dataset Publication Sample 
Size 

Sampling 
Method Sequencing Region Sequencing Depth 

(bp) Instrument 

Cross-sectional 

Jnana2020 122 Swab V2, V3, V4, V6-V7, 
V8, V9 250 Ion Torrent PGM 

Park2019 39 Tissue V1-V3 2*300 Illumina MiSeq 

Malone2017a 40 Tissue V4 2*300 Illumina MiSeq 

Longitudinal 

Sloan2019 237 Swab V4 2*250 Illumina MiSeq 

Malone2019 19 Tissue V4 2*300 Illumina MiSeq 

Malone2017b 34 Tissue V4 2*300 Illumina MiSeq 

Loesche2017 380 Swab V1-V3 2*300 Illumina MiSeq 

Gardiner2017 241 Swab + Tissue V4 2*250 Illumina MiSeq 
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Supplementary Figures 

Supplementary Figure 1. AUC-ROC Curve for Random Forest Model 

 

Supplementary Tables 

Supplementary Tables 1. Average Relative Abundance of Each Genus in DFUs 

Overall Microbial Composition in DFUs 
Genus Average Relative Abundance 
Staphylococcus 0.235791383 
Streptococcus 0.114662511 
Corynebacterium 0.103478044 
Anaerococcus 0.05985319 
Pseudomonas 0.045101637 
Finegoldia 0.02912848 
Prevotella 0.019958303 
Klebsiella 0.018356643 
Peptoniphilus 0.018280632 
Enterococcus 0.017471659 
Bacteroides 0.01586457 



 

 115 

Porphyromonas 0.014409504 
Acinetobacter 0.012829562 
Neisseria 0.0120043 
Escherichia.Shigella 0.011890284 
Helcococcus 0.011597099 
Proteus 0.011227903 
Prevotella_7 0.010793554 
Serratia 0.010755549 
Brevibacterium 0.009626243 
Delftia 0.009110455 
Haemophilus 0.008469791 
Fusobacterium 0.008361204 
Parvimonas 0.006900708 
Pseudoglutamicibacter 0.006140599 
Kocuria 0.005972289 
Peptostreptococcus 0.005581375 
Nevskia 0.00520132 
Acidibacter 0.005000434 
Cenarchaeum 0.004940711 
Cutibacterium 0.004685532 
Stenotrophomonas 0.004354341 
Actinomyces 0.004289189 
Fastidiosipila 0.004245754 
Arcanobacterium 0.004164314 
Oligella 0.004142597 
Burkholderia.Caballeronia.Paraburkholderia 0.00402858 
Marisediminicola 0.003849411 
Ezakiella 0.003729966 
Morganella 0.003686531 
Sediminibacterium 0.003295617 
Campylobacter 0.003246753 
Dermabacter 0.003056726 
Anoxybacillus 0.003007862 
Bradyrhizobium 0.002834122 
Aquabacterium 0.002779829 
Elizabethkingia 0.002730965 
Cedecea 0.002665812 
Gemella 0.002416062 
Citrobacter 0.002307475 
Trueperella 0.002307475 
Providencia 0.002226035 
Erysipelatoclostridium 0.001769969 
NS5_marine_group 0.0016831 
JTB255_marine_benthic_group 0.00167767 
Schumannella 0.001617947 
Sva0996_marine_group 0.001585371 
Alcaligenes 0.001579942 
Albidovulum 0.001569083 
Candidatus_Nitrosopumilus 0.001493072 
Pelomonas 0.001487643 
Sphingobium 0.001406202 
Dialister 0.001395344 
Pseudohongiella 0.001389914 
Solobacterium 0.001373626 
Veillonella 0.001368197 
Phyllobacterium 0.001194458 
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Actinobaculum 0.00117817 
Aerococcus 0.001156452 
Sphingomonas 0.001145594 
Micrococcus 0.001123876 
Thermicanus 0.001123876 
Pseudoclavibacter 0.001118447 
Methanococcus 0.000982713 
Lachnoanaerobaculum 0.000971854 
Microbacterium 0.000944707 
Aggregatibacter 0.000917561 
Comamonas 0.000906702 
Methylobacterium 0.000874126 
Achromobacter 0.000825262 
Nitrospira 0.000808974 
Ralstonia 0.000787256 
Clostridium_sensu_stricto_1 0.000770968 
Lactobacillus 0.000651522 
Pajaroellobacter 0.000640664 
Azonexus 0.000624376 
Psychrobacter 0.000602658 
Enterobacter 0.000597229 
Prevotella_6 0.0005918 
Gallicola 0.00058637 
Afipia 0.000575511 
Massilia 0.000570082 
Balneola 0.000526647 
Modestobacter 0.000515789 
Eikenella 0.000494071 
Flavobacterium 0.000494071 
Jeotgalicoccus 0.000483212 
Hydrotalea 0.000456066 
Moryella 0.000456066 
Facklamia 0.000445207 
Thermoanaerobacter 0.000434348 
Candidatus_Nitrosopelagicus 0.00041806 
Shewanella 0.000401772 
Rhodococcus 0.000390913 
Hydrogenobaculum 0.000385484 
Wolbachia 0.000380055 
Actinotignum 0.000374625 
Granulicatella 0.000374625 
Herpetosiphon 0.000374625 
Pasteurella 0.000369196 
Chlorobium 0.000363767 
Globicatella 0.000363767 
Pseudarthrobacter 0.000352908 
Enhydrobacter 0.000347479 
Aliicoccus 0.000331191 
Chryseobacterium 0.000331191 
Coprococcus_2 0.000325761 
Salmonella 0.000314902 
PAUC26f 0.000309473 
Brevundimonas 0.000304044 
NS4_marine_group 0.000298614 
Varibaculum 0.000298614 
Gordonia 0.000298614 
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Arcobacter 0.000293185 
Hydrogenophaga 0.000293185 
Negativicoccus 0.000287756 
Propioniciclava 0.000276897 
Atopobium 0.000271468 
Tumebacillus 0.000266038 
Cloacibacterium 0.000266038 
AqS1 0.00024975 
Peptococcus 0.000238892 
Candidatus_Berkiella 0.000238892 
Brachybacterium 0.000233462 
Nosocomiicoccus 0.000233462 
Alloprevotella 0.000228033 
Capnocytophaga 0.000228033 
Thermus 0.000222603 
Bifidobacterium 0.000222603 
Hymenobacter 0.000222603 
DNF00809 0.000211745 
Tepidimonas 0.000206315 
Salinispora 0.000206315 
Rothia 0.000200886 
Caulobacter 0.000200886 
Thermotoga 0.000195457 
IS.44 0.000195457 
Agathobacter 0.000190027 
Aeribacillus 0.000190027 
Vibrio 0.000190027 
Parvibaculum 0.000184598 
Vibrionimonas 0.000179169 
Mesorhizobium 0.000173739 
C1.B045 0.000173739 
SN8 0.000173739 
Paracoccus 0.00016831 
Mycobacterium 0.00016831 
Synechococcus_CC9902 0.000162881 
Bacillus 0.000162881 
Diaphorobacter 0.000162881 
Janthinobacterium 0.000157451 
Nocardioides 0.000157451 
MM1 0.000152022 
Urania.1B.19_marine_sediment_group 0.000152022 
Marmoricola 0.000152022 
Brochothrix 0.000146593 
Ottowia 0.000146593 
Novosphingobium 0.000141163 
Roseburia 0.000141163 
Blastomonas 0.000141163 
Bosea 0.000141163 
Atopostipes 0.000135734 
Chlorobaculum 0.000135734 
Aeromonas 0.000130304 
Leuconostoc 0.000130304 
Howardella 0.000130304 
Neptuniibacter 0.000130304 
Acidovorax 0.000124875 
Empedobacter 0.000124875 
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Ascidiaceihabitans 0.000124875 
Dechloromonas 0.000124875 
Actinomycetospora 0.000124875 
Constrictibacter 0.000119446 
Williamsia 0.000114016 
Geodermatophilus 0.000114016 
Halomonas 0.000114016 
Macrococcus 0.000108587 
Lawsonella 0.000108587 
Sphingobacterium 0.000108587 
Deinococcus 0.000108587 
Blautia 0.000108587 
Leptotrichia 0.000108587 
Kordiimonas 0.000108587 
Tepidiphilus 0.000103158 
Caldicellulosiruptor 0.000103158 
Ekhidna 0.000103158 
Tyzzerella_4 9.77E-05 
Pseudoxanthomonas 9.77E-05 
Subgroup_10 9.77E-05 
Catonella 9.77E-05 
Vagococcus 9.77E-05 
Undibacterium 9.23E-05 
Sulfuritalea 9.23E-05 
Cupriavidus 9.23E-05 
Pyramidobacter 9.23E-05 
IMCC26134 9.23E-05 
Lactococcus 9.23E-05 
Moraxella 9.23E-05 
Cyanobium_PCC.6307 9.23E-05 
Aneurinibacillus 9.23E-05 
Janibacter 8.69E-05 
Carboxydocella 8.69E-05 
Nostoc_PCC.7524 8.69E-05 
Barnesiella 8.69E-05 
Abiotrophia 8.69E-05 
S5.A14a 8.69E-05 
Erythrobacter 8.14E-05 
Caldibacillus 8.14E-05 
Nitrosomonas 8.14E-05 
Shimia 8.14E-05 
Porticoccus 8.14E-05 
Bythopirellula 8.14E-05 
W5053 7.60E-05 
Gardnerella 7.60E-05 
Bdellovibrio 7.60E-05 
SM1A02 7.60E-05 
Ruminococcaceae_UCG.014 7.60E-05 
Nannocystis 7.60E-05 
Methyloversatilis 7.06E-05 
OM60.NOR5._clade 7.06E-05 
Pseudocitrobacter 7.06E-05 
Dolosigranulum 7.06E-05 
Alloiococcus 7.06E-05 
Propioniferax 7.06E-05 
Geobacillus 6.52E-05 
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Filifactor 6.52E-05 
Rubrivivax 6.52E-05 
Megasphaera 6.52E-05 
Polaromonas 6.52E-05 
OM27_clade 6.52E-05 
Candidatus_Planktophila 6.52E-05 
Luteimonas 6.52E-05 
Samsonia 6.52E-05 
Noviherbaspirillum 5.97E-05 
Porphyrobacter 5.97E-05 
Chloroflexus 5.97E-05 
Rhodoferax 5.97E-05 
Actinobacillus 5.97E-05 
Roseivirga 5.97E-05 
Conyzicola 5.97E-05 
Parabacteroides 5.43E-05 
Kingella 5.43E-05 
Acetivibrio 5.43E-05 
Nanoarchaeum 5.43E-05 
Ruminococcaceae_UCG.013 5.43E-05 
Photobacterium 5.43E-05 
Tetrasphaera 5.43E-05 
Tannerella 4.89E-05 
Cetobacterium 4.89E-05 
Coprococcus_3 4.89E-05 
Brucella 4.89E-05 
Loktanella 4.89E-05 
Haliangium 4.89E-05 
Anderseniella 4.89E-05 
Dysgonomonas 4.89E-05 
Ornithinimicrobium 4.89E-05 
Phreatobacter 4.89E-05 
Peredibacter 4.89E-05 
Exiguobacterium 4.34E-05 
Pantoea 4.34E-05 
Aeromicrobium 4.34E-05 
Trabulsiella 4.34E-05 
Eggerthella 4.34E-05 
Akkermansia 4.34E-05 
Alkanindiges 4.34E-05 
Ideonella 4.34E-05 
Distigma 4.34E-05 
Parvularcula 4.34E-05 
Marivita 4.34E-05 
Alteromonas 4.34E-05 
Craurococcus 4.34E-05 
Roseomonas 3.80E-05 
Rheinheimera 3.80E-05 
Mannheimia 3.80E-05 
Pluralibacter 3.80E-05 
Aurantimonas 3.80E-05 
Rhodopirellula 3.80E-05 
Pseudolabrys 3.80E-05 
Rubrobacter 3.80E-05 
Ruegeria 3.80E-05 
Pelagicoccus 3.80E-05 
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Halomicronema_TFEP1 3.80E-05 
Millionella 3.80E-05 
Murdochiella 3.80E-05 
Cyanobacterium_CLg1 3.26E-05 
Pedobacter 3.26E-05 
Chroococcidiopsis_PCC_7203 3.26E-05 
F0332 3.26E-05 
Xanthomonas 3.26E-05 
Ammoniphilus 3.26E-05 
Blastococcus 3.26E-05 
Pyrobaculum 3.26E-05 
Pseudonocardia 3.26E-05 
Acetoanaerobium 3.26E-05 
Macellibacteroides 3.26E-05 
Simplicispira 3.26E-05 
Thioalkalispira 3.26E-05 
MND1 3.26E-05 
Paludibaculum 3.26E-05 
Cm1.21 3.26E-05 
Psychrobium 3.26E-05 
Marinobacterium 3.26E-05 
Siphonobacter 3.26E-05 
Erysipelotrichaceae_UCG.008 3.26E-05 
Aridibacter 3.26E-05 
Arthrobacter 3.26E-05 
Curtobacterium 2.71E-05 
Sutterella 2.71E-05 
Weissella 2.71E-05 
Galbitalea 2.71E-05 
Alcanivorax 2.71E-05 
Glutamicibacter 2.71E-05 
Curvibacter 2.71E-05 
Rubellimicrobium 2.71E-05 
Arsenicitalea 2.71E-05 
Rahnella 2.71E-05 
Lachnospiraceae_ND3007_group 2.71E-05 
Faecalibacterium 2.71E-05 
Alloscardovia 2.71E-05 
Chthoniobacter 2.71E-05 
Salinihabitans 2.71E-05 
Maricaulis 2.71E-05 
Proteiniphilum 2.71E-05 
Haematobacter 2.71E-05 
Spirosoma 2.71E-05 
Allisonella 2.71E-05 
Geobacter 2.17E-05 
Ellin6055 2.17E-05 
Listeria 2.17E-05 
Gemmatirosa 2.17E-05 
LD29 2.17E-05 
Kytococcus 2.17E-05 
Patulibacter 2.17E-05 
Saccharopolyspora 2.17E-05 
Butyricicoccus 2.17E-05 
Microlunatus 2.17E-05 
Reyranella 2.17E-05 
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Family_XIII_UCG.001 2.17E-05 
Bergeyella 2.17E-05 
Legionella 2.17E-05 
Anaerosphaera 2.17E-05 
Saccharococcus 2.17E-05 
Catellicoccus 2.17E-05 
Clostridium_sensu_stricto_18 2.17E-05 
Tessaracoccus 2.17E-05 
Sanguibacter 1.63E-05 
Collinsella 1.63E-05 
Dietzia 1.63E-05 
Aidingimonas 1.63E-05 
Nesterenkonia 1.63E-05 
Oxalicibacterium 1.63E-05 
Sulfurisphaera 1.63E-05 
Proteiniclasticum 1.63E-05 
Gemmatimonas 1.63E-05 
Archaeoglobus 1.63E-05 
Hyphomicrobium 1.63E-05 
Fluviicola 1.63E-05 
Elev.16S.1166 1.63E-05 
Conexibacter 1.63E-05 
Thalassobacillus 1.63E-05 
Magnetospira 1.63E-05 
Melissococcus 1.63E-05 
Fuerstia 1.63E-05 
Salinisphaera 1.63E-05 
Fibrisoma 1.63E-05 
Sporolactobacillus 1.63E-05 
Propionimicrobium 1.09E-05 
Desemzia 1.09E-05 
Carnobacterium 1.09E-05 
Mogibacterium 1.09E-05 
Subdoligranulum 1.09E-05 
Solirubrobacter 1.09E-05 
Roseateles 1.09E-05 
Methylotenera 1.09E-05 
Ochrobactrum 1.09E-05 
Kurthia 1.09E-05 
Family_XIII_AD3011_group 1.09E-05 
Ruminococcaceae_UCG.002 1.09E-05 
Thermincola 1.09E-05 
Thermomonas 1.09E-05 
Citreitalea 1.09E-05 
Clostridium_sensu_stricto_7 1.09E-05 
Rubripirellula 1.09E-05 
Prevotella_2 1.09E-05 
Gallionella 1.09E-05 
F0058 1.09E-05 
Methylopila 1.09E-05 
Lautropia 1.09E-05 
Coxiella 1.09E-05 
Bryobacter 1.09E-05 
Ruminococcus_1 1.09E-05 
Tistlia 1.09E-05 
Paenibacillus 1.09E-05 
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OM43_clade 1.09E-05 
Fusibacter 1.09E-05 
Blastopirellula 1.09E-05 
Friedmanniella 1.09E-05 
Cycloclasticus 1.09E-05 
Marinagarivorans 1.09E-05 
Olsenella 1.09E-05 
Larkinella 1.09E-05 
Kineosporia 1.09E-05 
Segetibacter 1.09E-05 
Chiayiivirga 1.09E-05 
Saccharibacillus 1.09E-05 
Variovorax 1.09E-05 
Defluviimonas 5.43E-06 
Chryseomicrobium 5.43E-06 
Pseudochrobactrum 5.43E-06 
Couchioplanes 5.43E-06 
Bilophila 5.43E-06 
Herbiconiux 5.43E-06 
Yersinia 5.43E-06 
Mobiluncus 5.43E-06 
Herbaspirillum 5.43E-06 
Meiothermus 5.43E-06 
Ignavigranum 5.43E-06 
Magnetospirillum 5.43E-06 
Ruminococcaceae_UCG.005 5.43E-06 
Planococcus 5.43E-06 
Allorhizobium.Neorhizobium.Pararhizobium.Rhizobium 5.43E-06 
Fusicatenibacter 5.43E-06 
Anaerobacillus 5.43E-06 
Leucobacter 5.43E-06 
Flaviflexus 5.43E-06 
Blastocatella 5.43E-06 
Moheibacter 5.43E-06 
Qipengyuania 5.43E-06 
Leifsonia 5.43E-06 
Alistipes 5.43E-06 
Flaviaesturariibacter 5.43E-06 
Rhodobacter 5.43E-06 
UBA1819 5.43E-06 
Methylophilus 5.43E-06 
Amnibacterium 5.43E-06 
Necropsobacter 5.43E-06 
AT.s3.44 5.43E-06 
Cosenzaea 5.43E-06 
Gemmobacter 5.43E-06 
Sneathia 5.43E-06 
Phaeodactylibacter 5.43E-06 
Tissierella 5.43E-06 
MCWD3 5.43E-06 
Parasutterella 5.43E-06 
Portibacter 5.43E-06 
Holdemanella 5.43E-06 
Azorhizophilus 5.43E-06 
Ammonia 5.43E-06 
Dermacoccus 5.43E-06 
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Nonlabens 5.43E-06 
Pseudoalteromonas 5.43E-06 
Sulfurospirillum 5.43E-06 
Chthonobacter 5.43E-06 
Romboutsia 5.43E-06 
Mesoflavibacter 5.43E-06 
Oceanicaulis 5.43E-06 
Candidatus_Endobugula 5.43E-06 
Slackia 5.43E-06 
Pseudoflavitalea 5.43E-06 
Rickettsiella 5.43E-06 
Anditalea 5.43E-06 
Clostridium_sensu_stricto_12 5.43E-06 
Frigoribacterium 5.43E-06 
Lysinibacillus 5.43E-06 
Candidatus_Ovatusbacter 5.43E-06 

 

Supplementary Tables S2. Feature Importance by Gini index 

Feature Importance 
Staphylococcus 3.9960006 

Actinomyces 3.8352164 

Streptococcus 3.8067836 

Anaerococcus 3.5762344 

Pseudomonas 3.356226 

Corynebacterium 3.1828023 

Escherichia.Shigella 3.0049784 

Peptoniphilus 2.9624659 

Dermabacter 2.8297128 

Fastidiosipila 2.7319688 

Brevibacterium 2.6920735 

Finegoldia 2.5848256 

Alcaligenes 2.4923959 

Bacteroides 2.4331597 

Carboxydocella 2.3893537 

Helcococcus 2.3317154 

Cutibacterium 2.234718 

Kocuria 2.2100101 

Delftia 2.0943708 

Micrococcus 1.9358468 

Prevotella 1.9129719 

Oligella 1.8943911 

Schumannella 1.888577 
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Acinetobacter 1.8562079 

Klebsiella 1.8484568 

Arcanobacterium 1.845936 

Comamonas 1.8399366 

Nevskia 1.8024491 

Enterococcus 1.7253531 

Acidibacter 1.7248582 

Porphyromonas 1.6933762 

Pseudoclavibacter 1.6686364 

Chryseobacterium 1.616506 

Peptostreptococcus 1.5927344 

Sphingomonas 1.5746571 

Paracoccus 1.5540215 

Actinotignum 1.5440897 

Serratia 1.5388831 

Methylobacterium 1.5241633 

Clostridium_sensu_stricto_1 1.4312561 

Veillonella 1.4267253 

Tumebacillus 1.3398288 

Pseudoglutamicibacter 1.3101934 

Aerococcus 1.2703158 

Stenotrophomonas 1.2585344 

Parvimonas 1.2528218 

Corynebacterium 1.2499336 

Bacillus 1.2470719 

Cloacibacterium 1.186821 

Bradyrhizobium 1.1462386 

Achromobacter 1.1369374 

Propionimicrobium 1.1367465 

Deinococcus 1.1117183 

Prevotella_7 1.0842196 

Facklamia 1.0720426 

Enhydrobacter 1.0676913 

Actinobaculum 1.0559451 

Massilia 1.0542989 

Dolosigranulum 1.0396757 

Brevundimonas 1.0329292 

Trueperella 1.0018341 

Haemophilus 0.9974804 
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Dialister 0.9962469 

Gallicola 0.9932379 

Providencia 0.9897303 

Rhodococcus 0.9434634 

Lactobacillus 0.9296341 

Afipia 0.9291848 

Anoxybacillus 0.9077172 

Prevotella_6 0.8907539 

Varibaculum 0.8483446 

Neisseria 0.8414034 

Brachybacterium 0.8371003 

Campylobacter 0.802624 

Pajaroellobacter 0.7976794 

Ezakiella 0.7903613 

Gemella 0.7380868 

Sediminibacterium 0.7313231 

Proteus 0.7188835 

Pelomonas 0.716113 

Flavobacterium 0.68731 

Nocardioides 0.6711896 

Jeotgalicoccus 0.6619212 

Microbacterium 0.6245531 

Blautia 0.5604326 

Marinobacter 0.5544741 

Lawsonella 0.5283506 

Rothia 0.5241006 

Morganella 0.5214644 

Granulicatella 0.5206942 

Aquabacterium 0.5181495 

Acidovorax 0.4786783 

Sphingobacterium 0.4517353 

 


