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Abstract

Aim: Diabetic nephropathy (DN) has become the most common cause of end-stage renal disease in most
countries for patients with type 2 diabetes (T2D). Elucidating novel epigenetic contributors to DN can not only
enhance our understanding of this complex disorder but also lay the foundation for developing more effective
monitoring tools and preventive interventions in the future, thus contributing to our ultimate goal of improving
patient care.

Methods: 5-hydroxymethylcytosines (5hmC)-Seal, a highly selective chemical labeling technique, was used to
profile genome-wide 5hmC, a stable cytosine modification type marking gene activation, in circulating cell-free
DNA (cfDNA) samples from a cohort of patients recruited at Zhongnan Hospital, including T2D patients with
nephropathy (DN, n =12), T2D patients with non-DN vascular complications (non-DN, n = 29), and T2D patients
without any complication (controls, n = 14). Differential analysis was performed to find DN-associated 5hmC
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features, followed by the exploration of biomarker potential of 5hmC in cfDNA for DN using a machine learning
approach.

Results: Genome-wide analyses of 5hmC in cfDNA detected 427 and 336 differential 5hmC modifications
associated with DN, compared with non-DN individuals and controls, and suggested relevant pathways such as
NOD-like receptor signaling pathway and tyrosine metabolism. Our exploration using a machine learning approach
revealed an exploratory model comprised of ten 5hmC genes showing the possibility to distinguish DN from non-
DN individuals or controls.

Conclusion: Genome-wide analysis suggests the possibility of exploiting novel 5hmC in patient-derived cfDNA as a
non-invasive tool for monitoring DN in high-risk T2D patients in the future.

Keywords: Type 2 diabetes, nephropathy, epigenetics, 5-hydroxymethylcytosine, cfDNA

INTRODUCTION

Diabetic nephropathy (DN) is one of the most common complications of type 2 diabetes (T2D) and a
leading cause of end-stage renal disease globally'". Approximately 20-40% of T2D patients will ultimately
develop nephropathic diseases, thus posing a significant risk for T2D patients”. Early detection and
preventive intervention of DN has been limited due largely to the lack of a comprehensive understanding of
its complex pathogenesis and effective biomarkers. Notably, conventional clinical markers to evaluate renal
functions of DN, including serum creatinine, estimated glomerular filtration rate (eGFR), and urinary
albumin, can be influenced by many factors”. Pathologically, the “gold standard” to diagnose DN has been
percutaneous renal biopsy. However, various complications can be caused by the procedure, such as
bleeding, pain, and infection". Therefore, investigation of novel molecular contributors implicated in DN
would not only enhance our understanding of this disease but also provide opportunities to develop more
effective diagnostic and preventive approaches. Of particular interest to us are novel epigenetic
modifications revealed in circulating cell-free DNA (cfDNA), a clinically convenient liquid biopsy, which
may reflect systematic changes in the body during pathogenesis®.

Particularly, epigenetic modifications are gene regulatory elements that sit between phenotypes and
genotypes™. The most-investigated epigenetic modification is DNA methylation, i.e., 5-methylcytosine
(5mC), which has been implicated in normal physiological processes and pathogenesis. The regulation of
DNA methylation in vivo is a dynamic process. The ten-eleven translocation enzymes can oxidize 5mC into
5-hydroxymethylcytosine (5shmC), 5-formylcytosine, and 5-carboxylcytosine under an active demethylation
process'®. Unlike other demethylated products of smC, shmC is relatively abundant and biochemically
stable in the human genome. Previous studies have confirmed that the shmC modifications show a distinct
genomic distribution and gene regulatory role from 5mC" and have been implicated in a variety of diseases.
Notably, recent studies have begun to demonstrate an association of altered shmC with diabetes-related

conditions such as hyperglycemia'®.

Technically, the widely used bisulfite conversion-based epigenomic profiling techniques, although offering
opportunities of profiling genome-wide cytosine modifications, cannot distinguish shmC from smC".
Therefore, to investigate whether the shmC modifications are implicated in DN, we utilized the shmC-Seal
technique"”, a highly sensitive chemical labeling technique for genome-wide profiling of shmC, and next-
generation sequencing (NGS), in cfDNA samples derived from a cohort of T2D patients with and without
nephropathy. The shmC-Seal technique has been systematically validated using spike-in controls and serial
DNA inputs by our team and other groups as a reliable approach for biomarker discovery"" ' using limited
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clinical biospecimens, e.g., as low as a few nanograms of cfDNA that can be conveniently isolated from 1-2
mL of plasma". Therefore, the shmC-Seal technique has a technical advantage, especially suitable for
future clinical implementation of cfDNA-based non-invasive tools for disease diagnosis, prognosis, and
surveillance. Furthermore, our previous genome-wide analyses of sShmC in cfDNA suggested a link between
altered shmC and T2D-associated vascular complications in general"”. For example, the shmC-based
signatures in cfDNA were shown to have the potential to distinguish T2D patients with multiple vascular
complications from those with single vascular complications"”, as well as between T2D patients who
developed diabetic retinopathy and those who did not"”. However, whether there are specific shmC
changes implicated in DN has not been investigated yet.

Specifically, in the current study [Figure 1], we profiled genome-wide shmC in ¢cfDNA samples derived
from a cohort of 55 patients with T2D using the sShmC-Seal technique and NGS. Differential analysis was
performed to identify DN-associated modified genes as well as involved pathways. To investigate the
feasibility of future biomarker studies targeting shmC for DN, we also explored the distinguishing capacity
of shmC for DN by summarizing the genome-wide shmC profiles through feature selection using a
machine-learning approach. Findings from this study enhance our understanding of DN-associated
epigenetic changes and involved pathways, and provide the foundation for developing more effective and
non-invasive tools for DN monitoring and preventive intervention in the future.

METHODS

Study populations

In total, 55 patients with T2D, including 12 patients with DN, 29 patients with non-DN complications (i.e.,
macrovascular complications, neuropathy, and retinopathy), and 14 sex- and age-matched T2D controls
without complications, were recruited at Zhongnan Hospital of Wuhan University, China. Patients were
diagnosed according to the 2017 Standards of Medical Care in Diabetes of the American Diabetes
Association"®. All study participants were excluded for other kidney diseases. Clinical variables were
collected from the medical records following a standard protocol. Fasting plasma samples (~ 2 mL/patient)
were collected the next morning after hospital admission. This study was approved by the Medical Ethics
Committee of Zhongnan Hospital of Wuhan University (2019069). Informed consent was obtained from
each participant.

Laboratory measurements

Laboratory measurements were performed at Zhongnan Hospital for the current study. Kidney function
parameters (creatinine, urea nitrogen, uric acid, and eGFR)"™ and serum glucose were examined by the
AU5800 Chemistry Analyzer (Beckman). The HA-8160 Glycohemoglobin Analyzer was used to measure
blood glycated hemoglobin (HbA1c). Serum insulin was assayed by the 14000SR Immunology Analyzer
(Abbott Laboratories).

Preparation of cfDNA samples, 5hmC-Seal assay, and data processing

Details about the preparation of circulating cfDNA samples, shmC-Seal library construction, sequencing,
and data processing are described in our previous publications"*'**’. Briefly, plasma samples were separated
and stored at - 80 °C after centrifuging twice at 1350 x g for 12 min and 13,500 x g for 5 min. cfDNA was
extracted from the plasma using the Circulating Nucleic Acid Kit (Qiagen) and the concentration of cfDNA
was examined using the Qubit High Sensitivity dsSDNA Assay (Invitrogen) according to the manufacturers’
instructions. The shmC-Seal library construction and NGS were performed at the Innovation Center for
Genomics, Peking University (Beijing, China). Briefly, each c¢fDNA sample was first prepared and ligated
with adaptors. Next, the T4 bacteriophage enzyme B-glucosyltransferase was used to transfer an engineered
glucose moiety containing an azide-group to shmC in duplex DNA. A biotin tag was then installed onto the
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Figure 1. Study design. In total, 55 patients with type 2 diabetes (T2D), including 12 patients with diabetic nephropathy (DN), 29 patients
with non-DN complications (Non-DN), and 14 controls (CTRL), were profiled for genome-wide 5-hydroxymethylcytosines (5hmC) using
the 5hmC-Seal technique and next-generation sequencing, followed by differential analysis, gene set enrichment analysis (GSEA),
protein-protein interaction network analysis, feature selection, and modeling to inform biological insights and evaluate biomarker
potential.

azide group using Click chemistry, followed by capturing of shmC-containing DNA fragments using avidin
beads. The shmC-Seal library for each ¢fDNA sample was then constructed through PCR amplification,
followed by paired-end sequencing (PE39) with the Illumina NextSeq 500 platform. On average, ~ 23
million unique reads per ¢fDNA sample were obtained from NGS. According to our previous
studies""">*"”, shmC profiles are more abundant in gene bodies and exonic regions relative to their
flanking regions and depleted at the transcription start sites. Therefore, well-annotated gene bodies
provided by GENCODE (hg19)"" were our primary targets to summarize the shmC-Seal data by counting
the sequencing reads using feature Counts'””. The principal components analysis (PCA) was conducted to
explore the potential confounding factors in global shmC data. The kidney-derived histone modification
marks for enhancers, i.e., H3K4me3 and H3K27ac, were obtained from the Roadmap Epigenomics
Project™ to help provide biological insights.

Identifying DN-associated 5ShmC signature in cfDNA

Multivariable logistic regression models were used to identify gene bodies containing differential sShmC
levels (i.e., normalized read counts) between DN patients and T2D controls, as well as between DN and
non-DN patients. Although not the focus of the current study, we also performed differential analysis
between T2D controls and patients with non-DN complications for comparison. Adjusted covariates
included age and sex. To evaluate potential protein-protein interaction (PPI) networks, those genes
showing a trend of differential modifications (Wald test P < 0.01 and fold change > 10%) between diagnosis
classes, e.g., DN vs. controls, were supplied to the stringApp from Cytoscape** with the default parameters
based on the STRING database (confidence score > 0.8 and maximum additional interactor = 50) with
linker genes allowed"” . Hubs of the PPI networks were estimated based on the measurement of betweenness
centrality, which represents the magnitude of influence a component gene has over the flow of information
in a gene network". Moreover, because of the limited sample size, instead of evaluating pathways among
individual genes, Gene Set Enrichment Analysis (GSEA)"” was used to explore the functional relevance of
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canonical pathways in the whole-genome shmC data between diagnosis classes, e.g., DN vs. controls, using
the clusterProfiler tool(v4.0)?". Specifically, over-/under-represented pathways maintained in the Kyoto
Encyclopedia of Genes and Genomes (KEGG)™' database (2 15 genes and false discovery rate < 5%) and
normalized enrichment score were obtained from GSEA.

Summarization of a 5ShmC-based epigenetic score for DN

To evaluate whether a cfDNA-based score with potential diagnostic value could be summarized from the
genome-wide shmC data, those genes that showed a trend of differential sShmC between DN and controls
or DN and non-DN complications, but not between non-DN complications and controls, were further
" on the multivariable logistic
regression models. To improve modeling efficiency, we filtered out most uninformative gene bodies (i.e., P

[30

selected to explore a signature panel by applying the elastic net regularization

> 0.05) before feature selection. Component genes of the exploratory model were selected if they were
consistently present (100%) in 100 iterations using repeated two-fold cross-validation to differentiate
between DN and controls. A weighted score to summarize the genome-wide shmC for each individual was
computed as follows:

n
score = (B. x Gy)-
=1

where G, represents the normalized read counts of the ith gene body and g, represents its regression
coefficient, following our previous publications""'*'*"”., The area under the receiver operator characteristic
curve (AUROC) was used to demonstrate model performance. The optimal score cutoffs for the AUROCs
were determined by the score that maximized the Youden index, and the corresponding sensitivity and

specificity were estimated.

Comparison between the 5hmC-based score for DN with conventional clinical variables or risk
factors

To compare the performance of the shmC-based scores for DN relative to various clinical variables,
univariable logistic regression models for available clinical variables were examined as follows:

ebo T B

=

where Y, represents binary diagnosis classes (i.e., DN vs. non-DN/controls or DN vs. non-DN). X,
represents age, sex, or each of the clinical variables body mass index (BMI), smoking history, drinking
history, glucose, HbA1c, insulin, creatinine, uric acid, urea nitrogen and eGFR. The predicted probabilities
of the univariable logistic regression models were used for assessing classification performance, i.e., DN vs.
non-DN/controls or DN vs. non-DN, via the AUROC. Sensitivity and specificity at the cutoff that
maximized the Youden index were estimated for each variable.

RESULTS

Clinical and demographic characteristics of the study participants

Table 1 shows the clinical and demographic characteristics of the 55 study participants. Overall, there were
no significant differences regarding major demographic and clinical variables between patient groups. There
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Table 1. Demographical and clinical characteristics of the study participants

Clinical variable T2D control (n = 14) DN(n=12) Non-DN (n=29) p* p® pC
Age (year) 471+9.7 56.8+14.5 57.7+8.1 0.08° 0° 0.71°
Sex (male/female) 10/4 9/3 13/16 052° 014> 0.25°
BMI (kg/m?) 249+37 254+23 257+ 4.1 0.49° 0.62° 0.99°
Smoking (Yes/No) 6/8 7/5 5/24 069" 015° 0.02°
Drinking (Yes/No) 2/12 4/8 4/25 05° 1 032"
T2D duration (year) 3.7+39 45+6.4 6.9+6.3 0.7° 0.14*  0.08°
SBP (mmHg) 123.6+9.4 135.4+20.2 133.9+19.2 017 0.09° 0.82°
DBP (mmHg) 783+7.9 821+10.6 77.8+10.6 028" 047° 013°
Glucose (mmol/L) N5+33 9.5+35 85+3.1 013° 0.0 046
HbATlc (%) 9.1+18 79+22 84+19 017° 033" 042°
Insulin (pU/mL) 10.3+6.0 74+71 95+7.0 0.28° 0.66" 0.28°
Kidney Function:

Urea nitrogen (mmol/L) 58+13 57+18 59+17 078 0.83" 0.69°
Creatinine (umol/L) 60.3+13.9 78.8+31 63.1+18.2 0.15° 0.86" 0.14°
Uric acid (umol/L) 283.6+51.9 319.7 £ 99.1 2911+ 819 04° 093 057
eGFR (mL/min/1.73 m°) m.6+12.2 89.2+28.4 98.5+13.4 0.02° 0.0 024"
Medication (Yes/No)

Insulin treatment 6/8 3/9 15/13 059° 074° 019
Oral glucose-lowering medicine 6/8 6/6 15/13 1 074> 1°

AComparison between T2D control (CTRL) and Nephropathy (DN); Bcomparison between T2D control (CTRL) and patients with non-
nephropathy complications (Non-DN); Ccomparison between DN and Non-DN; * Wilcoxon test; bchi—square test. DN: diabetic nephropathy; BMI:
body mass index; T2D: Type 2 diabetes; SBP: systolic blood pressure; DBP: diastolic blood pressure; HbAlc: glycated hemoglobin; eGFR: estimated
glomerular filtration rate.

were comparable distributions of potential confounders for epigenetic modifications between patient
groups, such as baseline BMI and sex (P > 0.05). Notably, differences in age at the time of blood collection
were observed between T2D controls and DN patients. Therefore, age was used as a covariate in
downstream differential analysis when comparing between diagnosis groups (e.g., DN vs. controls).
Moreover, in total, 24 patients used insulin treatment and 27 patients used oral glucose-lowering
medications, showing no significant disparity regarding medication treatment between different diagnosis
groups (P > 0.05).

Overview of the genome-wide 5hmC profiles in cfDNA

Consistent with our observations in the cfDNA samples from other studies"*

, the distribution of genome-
wide 5hmC was also more abundant in gene bodies and exonic regions relative to their flanking regions and
the transcription start sites [Supplementary Figure 1A], supporting our focus on gene bodies in this proof-
of-concept study. Moreover, PCA demonstrated no significant correlations between shmC and potential
confounders, including sex and age [Supplementary Figure 1B and C]. In addition, we observed a trend of
increased genome-wide shmC modification levels on kidney-derived enhancer marks: H3K4me1, across
controls, patients with non-DN complications, and patients with DN (P-trend = 0.049).

Differentially modified genes associated with DN and the PPI network analysis

In total, 336 genes were detected to show a trend of differential modification between T2D controls and
patients with DN (Wald test P < 0.05), among which 271 genes had a fold change of at least 10% (
Supplementary Table 1 and Supplementary Figure 1D). In comparison, 427 genes were found to be
differentially modified between patients with DN and patients with non-DN complications (Wald test P <
0.05), among which 250 genes had a fold change of at least 10%, indicating the presence of shmC signatures
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specific to DN complications [Figure 2A, Supplementary Table 1, and Supplementary Figure 1E]. Genes
with a more stringent cutoff (Wald test P < 0.01 and fold change > 10%) were further evaluated for PPI
networks to explore potential biological connections with relevant functions. Notably, the PPI network
analysis implicated those genes showing differential modifications between DN and T2D controls in hub
genes relevant to kidney diseases [Supplementary Figure 2]. For example, SMARCA5, a member of the
SWI/SNF-related matrix-associated action-dependent regulator of chromatin subfamily A as well as a
differentially modified gene, was found to be connected with biomarkers for diabetic kidney disease”"’.
RUVBLI, which encodes RuvB like AAA ATPase 1, is connected with certain differential genes (e.g.,
COMMD2 and GPS1), and its deletion could lead to acute kidney injury in mice". In contrast, the PPI
network analysis based on a list of genes showing differential 5ShmC between DN and non-DN patients also
identified connections with hub genes implicated in DN [Supplementary Figure 3]. For example, signal
transducer and activator of transcription 1 (STAT1) are connected with certain differential genes (e.g.,
MX1, IFI44L, and IFIH1), and its activation was shown to cause cell apoptosis and renal fibrosis, thus being
implicated in DN",

GSEA implicating pathways differentially modified in patients with DN

The GSEA results reveal over- or under-representation of certain canonical pathways in patients with DN
relative to controls, such as the NOD-like receptor signaling pathway, neuroactive ligand-receptor
interaction, platelet activation, tyrosine metabolism, and necroptosis [Figure 2B and Supplementary Table 2
]. Several core genes that contributed to the over- or under-representation of these pathways were also
differentially modified between DN and T2D controls, including CXCL1 and PKN2 in the NOD-like
receptor signaling pathway; PYY, GRM, EDN2, GCGR, and MLN in neuroactive ligand-receptor interaction;
and IL1B in necroptosis [Supplementary Table 2]. In addition, the GSEA results between DN patients and
patients with non-DN complications indicate significant over- or under-representation of KEGG pathways
such as tyrosine metabolism, olfactory transduction, and signaling pathways regulating pluripotency of stem
cells [Figure 2B and Supplementary Table 2], although they are not differentially modified at the single-gene
level, likely due to the small sample size. Interestingly, several over-represented pathways between DN and
controls/non-DN patients are known to be associated with DN or kidney-related diseases, such as the

34, 35]

NOD-like receptor signaling pathway and tyrosine metabolism!

Summarization of 5hmC-based epigenetic score for DN

An exploratory model comprised of ten genes (i.e., UQCRFS1, VARS2, WWOX, CSPG4, TMCO4,
SLC38A3, RPL36, CTD.2116N17.1, MATN4, and CABP7) was identified using the elastic net regularization
and multivariable logistic regression models for distinguishing DN from T2D controls [Figure 2C]. Of note,
the shmC scores were significantly different between patients with DN and controls, as well as between
patients with DN and those with non-DN complications [Figure 2D] (t-test, P < 0.01). When using the
5hmC score as the only predictor, the AUROC results show 100% sensitivity and 97% specificity to classify
DN and non-DN complications, in addition to the performance of distinguishing patients with DN from
controls [Table 2].

We compared the sensitivity and specificity of various clinical variables in our cohort for distinguishing DN
from T2D controls or patients with non-DN complications [Table 2]. Notably, logistic regression results
indicate that the shmC scores in general outperformed age, sex, and various conventional clinical variables,
including clinical variables of kidney functions, featuring greater AUROCs and higher sensitivity/specificity
[Table 2]. For example, the shmC scores significantly outperformed the eGFR in differentiating between
patients with DN and controls (AUROC, 100% vs. 78%) as well as between DN and non-DN complications
(AUROC, 98% vs. 62%).
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Table 2. Biomarker potential of the 5hmC model and comparisons with clinical variables

T2D control vs.DN Non-DN vs.DN
Clinical variable/model Sensitivity Specificity AUROC Sensitivity Specificity AUROC
Age (year) 0.83 0.50 0.70 0.42 0.83 0.54
Sex (male/female) 0.75 0.29 0.52 0.75 0.55 0.65
BMI (kg/m?) 1.00 0.36 0.58 1.00 0.24 0.50
Smoking (yes/no) 0.58 0.57 0.58 0.58 0.83 0.71
Drinking (yes/no) 0.33 0.86 0.60 0.33 0.86 0.60
Glucose (mmol/L) 0.73 0.64 0.68 0.55 0.68 0.58
HbA1lc (%) 0.55 0.86 0.67 0.55 0.85 0.59
Insulin (nU/mL) 0.83 0.62 0.69 0.67 0.71 0.66
Creatinine (umol/L) 0.36 1.00 0.68 0.36 0.93 0.65
Uric acid (umol/L) 0.64 0.71 0.60 0.73 0.48 0.57
Urea nitrogen (mmol/L) 0.45 0.86 0.54 0.45 0.72 0.54
eGFR (mL/min/1.73 m>) 0.64 1.00 0.78 0.64 0.79 0.62
5hmC model 1.00 1.00 1.00 1.00 0.97 0.98

T2D: Type 2 diabetes; DN: diabetic nephropathy; AUROC: the area under the receiver operator characteristic curve. BMI: body mass index;
HbAI1c: glycated hemoglobin; eGFR: estimated glomerular filtration rate.

DISCUSSION

Enhancing our understanding of the molecular contributors to DN pathogenesis would provide
opportunities for developing more effective clinical tools to prevent and manage this complication.
Equipped with the highly sensitive shmC-Seal technique, we sought to investigate DN-associated shmC in
patient-derived cfDNA using a cohort of T2D patients with and without DN. Genome-wide analysis of
shmC indicated there existed differential shmC modifications and over-/under-represented pathways in
cfDNA that provided links between shmC signatures for DN and relevant pathways/genes. Besides
previously implicated pathways and genes in DN or kidney disease, such as the NOD-like receptor signaling
pathway and CXCL1 of the inflammasome family"*, interestingly, our identified DN-associated shmC
signatures were also shown to be connected with PPI hubs relevant to kidney disease and the pathogenesis
of DN thus reflecting the DN relevance of the sShmC profiles in patient-derived cfDNA. Additionally,
certain significant pathways such as Fc gamma R-mediated phagocytosis and natural killer cell-mediated
cytotoxicity were found to be enriched in those genes dysregulated in DN from a meta-analysis of mouse
microarray data"”, lending further support for the existence of biological links between the sShmC landscape
reflected in DN patient-derived cfDNA and the underlying pathogenesis.

One important question about the cfDNA-based methods is whether the patient-derived cfDNA samples
reflect the target tissue. Our genome-wide scan examining co-localization of the shmC-Seal reads and
kidney-derived enhancer markers demonstrated a trend of increased modification levels between T2D
controls and DN patients, suggesting the contribution of the target tissue (i.e., kidney) to the shmC profiles
in DN patients. The current tissue-derived histone modifications, however, included only two individuals
from the Roadmap Epigenomics Project; with the availability of more reference epigenomes in the future, a
more comprehensive evaluation would provide more insights into the relative proportions of cfDNA
sources in patients with DN.

Considering that cfDNA could reflect the systematic and dynamic physiological condition of the patient,
our findings targeting novel epigenetic information in ¢fDNA could provide the foundation for developing
a convenient clinical tool for the care of T2D patients. Therefore, besides differential analysis, we also
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Figure 2. Novel 5hmC modifications implicated in diabetic nephropathy. Genome-wide analysis of the 5hmC-Seal data in patient-derived
cfDNA reflected novel epigenetic modifications implicated in diabetic nephropathy (DN). (A)The Venn diagram shows differentially
modified gene bodies specific to DN. (B)KEGG pathways significantly over-/under-represented in DN patients relative to either controls
(CTRL) or non-DN patients (Non-DN) were identified from the GSEA. (C) The exploratory model comprised of ten component genes
could distinguish DN from CTRL, as well as DN from Non-DN. (D) The 5hmC scores computed with the ten-gene exploratory model for
DN were significantly different between DN and CRTL/Non-DN. Statistical significance (t-test): ns, P > 0.05; ** P < 0.01; **** P <
0.0001. KEGG: Kyoto Encyclopedia of Genes and Genomes; GSEA: Gene set enrichment analysis; NES: Normalized enrichment score.

sought to evaluate the possibility of summarizing the genome-wide shmC profiles in ¢fDNA into an
epigenetic score with biomarker potential. Particularly, findings from the feature selection based on
machine learning and modeling in the current study provided promising results for the future development
of cfDNA-based diagnostic or monitoring tools for DN. In particular, although limited by the sample size,
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the shmC-based exploratory model for DN showed a consistent trend of outperformance over various
conventional clinical indices for diabetic complications, especially those related to kidney functions, thus
supporting the potential advantage of utilizing the shmC features in cfDNA as a novel biomarker for DN.
Moreover, because the sShmC-Seal technique can provide the genome-wide distribution of sShmC in a single
test, it is possible to integrate the DN-associated model with models for other diabetic complications to
develop a comprehensive tool for routine care of patients with T2D in the future.

We are aware of several limitations in the current study. Firstly, the sample size is relatively small. Although
our primary goal was to demonstrate the relevance of shmC to DN and the feasibility of using novel
epigenetics and non-invasive liquid biopsy to develop management tools for DN in the future, future larger
scale investigations studies will be necessary to provide a more comprehensive picture of the epigenetic
landscape of DN or DN-associated pathways. Secondly, also limited by the current sample size, our
modeling of shmC for their biomarker value was preliminary using a single cohort. Although testing using
patients with and without DN helped us evaluate the biological relevance of the identified shmC features,
future investigations involving more independent samples for both training and independent validation will
be necessary to develop a clinically useful model based on shmC in cfDNA. Thirdly, the current study only
focused on the shmC modification over genic regions; because the functional relevance of genic regions was
better annotated and established, it would be interesting to extend the shmC analysis to other genomic
regions, such as long non-coding RNA"* and enhancer markers as well as co-regulation analysis between
shmC and gene expression in the future. Finally, future studies that expand to other populations and ethnic
backgrounds will provide insights into any population-specific epigenetic modifications associated with
DN, because of the long-appreciated baseline differences in epigenetic modifications across human
populations™.

In conclusion, novel 5shmC modifications detected in patient-derived cfDNA samples were found to be
implicated in DN. The shmC-Seal technique implemented with ¢cfDNA holds promise for the future
development of a non-invasive, clinically convenient tool for early detection of DN in high-risk T2D
patients, thus contributing to the ultimate goal of improving clinical outcomes through personalized
preventive intervention and/or treatment.

DECLARATIONS
Acknowledgements
The authors would like to thank Dr. Jian Lin and his team at Peking University for technical support.

Authors’ contributions

Sample and data collection, clinical interpretation: Yang Y, Yang K
Bioinformatics and data analysis: Zeng C, Xu S, Zhang Z, Cai Q, Zhang W
Funding: Liu SM, He C, Zhang W

Conceptualization: He C, Zhang W, Liu SM

Supervision: Zhang W, Liu SM

Drafting and approval of manuscript: all authors

Availability of data and materials
The shmC-Seal sequencing data and related metadata have been deposited into the NCBI Gene Expression
Omnibus database (Accession No. GSE186021).



Yang et al. Extracell Vesicles Circ Nucleic Acids 2022;3:49-60 | https://dx.doi.org/10.20517/evcna.2022.03 Page 59

Financial support and sponsorship

This study was partially supported by the National Natural Science Foundation of China (81972009,
82172359), Health Commission of Hubei Province Scientific Research Project (WJ2019H005, WJ2019C002),
Program of Excellent Doctoral (Post-Doctoral) of Zhongnan Hospital, Wuhan University (ZNYB2019013),
and grants from the National Institutes of Health: RF1AG074549 and R21CA187869.

Conflicts of interest

CH was the scientific founder of Epican Genetech, which obtained a license from the University of Chicago
to develop the shmC-Seal technique for clinical applications. WZ was an advisor of Epican Genetech and he
received research support from the company.

Ethical approval and consent to participate
This study was approved by the Medical Ethics Committee of Zhongnan Hospital of Wuhan University
(2019069). Informed consent was obtained from each study participant.

Consent for publication
Not applicable.

Copyright
© The Author(s) 2022.

REFERENCES

1. Chen J, Zhang Q, Liu D, Liu Z. Exosomes: advances, development and potential therapeutic strategies in diabetic nephropathy.
Metabolism 2021;122:154834. DOI PubMed

2. American Diabetes Association. 11. Microvascular complications and foot care: standards of medical care in diabetes-2021. Diabetes
Care 2021;44:S151-67. DOI PubMed

3. Lecamwasam A, Ekinci EI, Saffery R, Dwyer KM. Potential for novel biomarkers in diabetes-associated chronic kidney disease:

epigenome, metabolome, and gut microbiome. Biomedicines 2020;8:341. DOI PubMed PMC

4. Bakdash K, Schramm KM, Annam A, Brown M, Kondo K, Lindquist JD. Complications of percutaneous renal biopsy. Semin Intervent
Radiol 2019;36:97-103. DOI PubMed PMC

5. Zhang W. Towards clinical implementation of circulating cell-free DNA in precision medicine. J Transl Genet Genom 2019;3:11.
DOI PubMed PMC

6. Zampieri M, Bacalini MG, Barchetta I, et al. Increased PARylation impacts the DNA methylation process in type 2 diabetes mellitus.
Clin Epigenetics 2021;13:114. DOI PubMed PMC

7. Zeng C, Zhang Z, Wang J, Chiu BC, Hou L, Zhang W. Application of the high-throughput TAB-Array for the discovery of novel 5-
hydroxymethylcytosine biomarkers in pancreatic ductal adenocarcinoma. Epigenomes 2019;3:16. DOI PubMed PMC

8. Yuan EF, Yang Y, Cheng L, et al. Hyperglycemia affects global 5-methylcytosine and 5-hydroxymethylcytosine in blood genomic
DNA through upregulation of SIRT6 and TETs. Clin Epigenetics 2019;11:63. DOI PubMed PMC

9. Zeng C, Stroup EK, Zhang Z, Chiu BC, Zhang W. Towards precision medicine: advances in 5-hydroxymethylcytosine cancer
biomarker discovery in liquid biopsy. Cancer Commun (Lond) 2019;39:12. DOI PubMed PMC

10.  Song CX, Szulwach KE, Fu Y, et al. Selective chemical labeling reveals the genome-wide distribution of 5-hydroxymethylcytosine.
Nat Biotechnol 2011;29:68-72. DOI PubMed PMC

11.  Li W, Zhang X, Lu X, et al. 5-Hydroxymethylcytosine signatures in circulating cell-free DNA as diagnostic biomarkers for human
cancers. Cell Res 2017;27:1243-57. DOI PubMed PMC

12.  CaiJ, Chen L, Zhang Z, et al. Genome-wide mapping of 5-hydroxymethylcytosines in circulating cell-free DNA as a non-invasive
approach for early detection of hepatocellular carcinoma. Gur 2019;68:2195-205. DOI PubMed PMC

13.  Cail, Zeng C, Hua W, et al. An integrative analysis of genome-wide 5-hydroxymethylcytosines in circulating cell-free DNA detects
noninvasive diagnostic markers for gliomas. Neurooncol Adv 2021;3:vdab049. DOI PubMed PMC

14.  Chiu BC, Chen C, You Q, et al. Alterations of 5-hydroxymethylation in circulating cell-free DNA reflect molecular distinctions of
subtypes of non-Hodgkin lymphoma. NPJ Genom Med 2021;6:11. DOI PubMed PMC

15.  Chiu BC, Zhang Z, You Q, et al. Prognostic implications of 5-hydroxymethylcytosines from circulating cell-free DNA in diffuse large
B-cell lymphoma. Blood Adv 2019;3:2790-9. DOI PubMed PMC

16. Yang Y, Zeng C, Lu X, et al. 5-Hydroxymethylcytosines in Circulating Cell-Free DNA Reveal Vascular Complications of Type 2
Diabetes. Clin Chem 2019;65:1414-25. DOI PubMed PMC

17.  Han L, Chen C, Lu X, et al. Alterations of 5-hydroxymethylcytosines in circulating cell-free DNA reflect retinopathy in type 2
diabetes. Genomics 2021;113:79-87. DOI PubMed


https://dx.doi.org/10.1016/j.metabol.2021.154834
http://www.ncbi.nlm.nih.gov/pubmed/34217734
https://dx.doi.org/10.2337/dc21-S011
http://www.ncbi.nlm.nih.gov/pubmed/33298422
https://dx.doi.org/10.3390/biomedicines8090341
http://www.ncbi.nlm.nih.gov/pubmed/32927866
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7555227
https://dx.doi.org/10.1055/s-0039-1688422
http://www.ncbi.nlm.nih.gov/pubmed/31123379
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6531025
https://dx.doi.org/10.20517/jtgg.2019.07
http://www.ncbi.nlm.nih.gov/pubmed/31579300
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6774639
https://dx.doi.org/10.1186/s13148-021-01099-1
http://www.ncbi.nlm.nih.gov/pubmed/34001206
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8130175
https://dx.doi.org/10.3390/epigenomes3030016
http://www.ncbi.nlm.nih.gov/pubmed/31413874
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6693877
https://dx.doi.org/10.1186/s13148-019-0660-y
http://www.ncbi.nlm.nih.gov/pubmed/30987683
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6466651
https://dx.doi.org/10.1186/s40880-019-0356-x
http://www.ncbi.nlm.nih.gov/pubmed/30922396
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6440138
https://dx.doi.org/10.1038/nbt.1732
http://www.ncbi.nlm.nih.gov/pubmed/21151123
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3107705
https://dx.doi.org/10.1038/cr.2017.121
http://www.ncbi.nlm.nih.gov/pubmed/28925386
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5630683
https://dx.doi.org/10.1136/gutjnl-2019-318882
http://www.ncbi.nlm.nih.gov/pubmed/31358576
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6872444
https://dx.doi.org/10.1093/noajnl/vdab049
http://www.ncbi.nlm.nih.gov/pubmed/34151267
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8209591
https://dx.doi.org/10.1038/s41525-021-00179-8
http://www.ncbi.nlm.nih.gov/pubmed/33574286
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7878492
https://dx.doi.org/10.1182/bloodadvances.2019000175
http://www.ncbi.nlm.nih.gov/pubmed/31570490
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6784517
https://dx.doi.org/10.1373/clinchem.2019.305508
http://www.ncbi.nlm.nih.gov/pubmed/31575611
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7055673
https://dx.doi.org/10.1016/j.ygeno.2020.11.014
http://www.ncbi.nlm.nih.gov/pubmed/33221518

Page 60 Yang et al. Extracell Vesicles Circ Nucleic Acids 2022;3:49-60 | https://dx.doi.org/10.20517/evcna.2022.03

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.
31

32.

33.

34.

35.

36.

37.

38.

39.

American Diabetes Association. Standards of medical care in diabetes-2017: summary of revisions. Diabetes Care 2017;40:S4-5. DOI
PubMed

Spanopoulos D, Okhai H, Zaccardi F, et al. Temporal variation of renal function in people with type 2 diabetes mellitus: a
retrospective UK clinical practice research datalink cohort study. Diabetes Obes Metab 2019;21:1817-23. DOI PubMed PMC

Han D, Lu X, Shih AH, et al. A highly sensitive and robust method for genome-wide Shmc profiling of rare cell populations. Mol Cell
2016;63:711-9. DOI PubMed PMC

Harrow J, Frankish A, Gonzalez JM, et al. GENCODE: the reference human genome annotation for the ENCODE project. Genome
Res 2012;22:1760-74. DOI PubMed PMC

Liao Y, Smyth GK, Shi W. FeatureCounts: an efficient general purpose program for assigning sequence reads to genomic features.
Bioinformatics 2014;30:923-30. DOI PubMed

Kundaje A, Meuleman W, Ernst J, et al; Roadmap epigenomics consortium. integrative analysis of 111 reference human epigenomes.
Nature 2015;518:317-30. DOI PubMed PMC

Shannon P, Markiel A, Ozier O, et al. Cytoscape: a software environment for integrated models of biomolecular interaction networks.
Genome Res 2003;13:2498-504. DOI PubMed PMC

Wu T, Hu E, Xu S, et al. ClusterProfiler 4.0: a universal enrichment tool for interpreting Omics data. 1. nnovation (N Y)
2021;2:100141. DOI PubMed PMC

Szklarczyk D, Gable AL, Nastou KC, et al. The STRING database in 2021: customizable protein-protein networks, and functional
characterization of user-uploaded gene/measurement sets. Nucleic Acids Res 2021;49:D605-12. DOI PubMed PMC

Subramanian A, Tamayo P, Mootha VK, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-
wide expression profiles. Proc Natl Acad Sci ;102:15545-50. DOI PubMed PMC

Yu G, Wang LG, Han Y, He QY. ClusterProfiler: an R package for comparing biological themes among gene clusters. OMICS
2012;16:284-7. DOI PubMed PMC

Kanehisa M, Goto S, Sato Y, Furumichi M, Tanabe M. KEGG for integration and interpretation of large-scale molecular data sets.
Nucleic Acids Res 2012;40:D109-14. DOI PubMed PMC

Zou H, Hastie T. Regularization and variable selection via the elastic net. J Royal Statistical Soc B 2005;67:301-20. DOI

Tang YL, Dong XY, Zeng ZG, Feng Z. Gene expression-based analysis identified NTNG1 and HGF as biomarkers for diabetic kidney
disease. Medicine (Baltimore) 2020;99:¢18596. DOI PubMed PMC

Dafinger C, Rinschen MM, Borgal L, et al. Targeted deletion of the AAA-ATPase Ruvbll in mice disrupts ciliary integrity and causes
renal disease and hydrocephalus. E. xp Mol Med 2018;50:1-17. DOI PubMed PMC

Huang F, Wang Q, Guo F, et al. FoxO1-mediated inhibition of STAT1 alleviates tubulointerstitial fibrosis and tubule apoptosis in
diabetic kidney disease. EBioMedicine 2019;48:491-504. DOI PubMed PMC

Anders HJ, Lech M. NOD-like and Toll-like receptors or inflammasomes contribute to kidney disease in a canonical and a non-
canonical manner. Kidney Int 2013;84:225-8. DOI PubMed

Qu W, Han C, Li M, Zhang J, Li L. Revealing the underlying mechanism of diabetic nephropathy viewed by microarray analysis. Exp
Clin Endocrinol Diabetes 2015;123:353-9. DOI PubMed

Nunemaker CS, Chung HG, Verrilli GM, Corbin KL, Upadhye A, Sharma PR. Increased serum CXCL1 and CXCLS are linked to
obesity, hyperglycemia, and impaired islet function. J Endocrinol 2014;222:267-76. DOl PubMed PMC

Geng XD, Wang WW, Feng Z, et al. Identification of key genes and pathways in diabetic nephropathy by bioinformatics analysis. J
Diabetes Investig 2019;10:972-84. DOI PubMed PMC

Zhang Z, Zeng C, Zhang W. Considerations before the application of 5-hydroxymethylation levels of long non-coding RNAs for non-
invasive cancer diagnosis. Extracell Vesicles Circ Nucl Acids 2022;3:10-3. DOI PubMed PMC

Moen EL, Zhang X, Mu W, et al. Genome-wide variation of cytosine modifications between European and African populations and
the implications for complex traits. Genetics 2013;194:987-96. DOI PubMed PMC


https://dx.doi.org/10.2337/dc17-S003
http://www.ncbi.nlm.nih.gov/pubmed/27979887
https://dx.doi.org/10.1111/dom.13734
http://www.ncbi.nlm.nih.gov/pubmed/30941882
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6767485
https://dx.doi.org/10.1016/j.molcel.2016.06.028
http://www.ncbi.nlm.nih.gov/pubmed/27477909
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4992443
https://dx.doi.org/10.1101/gr.135350.111
http://www.ncbi.nlm.nih.gov/pubmed/22955987
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3431492
https://dx.doi.org/10.1093/bioinformatics/btt656
http://www.ncbi.nlm.nih.gov/pubmed/24227677
https://dx.doi.org/10.1038/nature14248
http://www.ncbi.nlm.nih.gov/pubmed/25693563
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4530010
https://dx.doi.org/10.1101/gr.1239303
http://www.ncbi.nlm.nih.gov/pubmed/14597658
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC403769
https://dx.doi.org/10.1016/j.xinn.2021.100141
http://www.ncbi.nlm.nih.gov/pubmed/34557778
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8454663
https://dx.doi.org/10.1093/nar/gkaa1074
http://www.ncbi.nlm.nih.gov/pubmed/33237311
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7779004
https://dx.doi.org/10.1073/pnas.0506580102
http://www.ncbi.nlm.nih.gov/pubmed/16199517
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1239896
https://dx.doi.org/10.1089/omi.2011.0118
http://www.ncbi.nlm.nih.gov/pubmed/22455463
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3339379
https://dx.doi.org/10.1093/nar/gkr988
http://www.ncbi.nlm.nih.gov/pubmed/22080510
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3245020
https://dx.doi.org/10.1111/j.1467-9868.2005.00503.x
https://dx.doi.org/10.1097/MD.0000000000018596
http://www.ncbi.nlm.nih.gov/pubmed/31895808
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6946191
https://dx.doi.org/10.1038/s12276-018-0108-z
http://www.ncbi.nlm.nih.gov/pubmed/29959317
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6026120
https://dx.doi.org/10.1016/j.ebiom.2019.09.002
http://www.ncbi.nlm.nih.gov/pubmed/31629675
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6838438
https://dx.doi.org/10.1038/ki.2013.122
http://www.ncbi.nlm.nih.gov/pubmed/23903414
https://dx.doi.org/10.1055/s-0035-1548849
http://www.ncbi.nlm.nih.gov/pubmed/25918880
https://dx.doi.org/10.1530/JOE-14-0126
http://www.ncbi.nlm.nih.gov/pubmed/24928936
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4135511
https://dx.doi.org/10.1111/jdi.12986
http://www.ncbi.nlm.nih.gov/pubmed/30536626
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6626994
https://dx.doi.org/10.20517/evcna.2021.22
http://www.ncbi.nlm.nih.gov/pubmed/35098258
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8797161
https://dx.doi.org/10.1534/genetics.113.151381
http://www.ncbi.nlm.nih.gov/pubmed/23792949
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3730924

