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ABSTRACT
Diabetic nephropathy, a major complication of diabetes mellitus (DM), is increasing worldwide and the large
majority of patients have type 2 DM. Microalbuminuria has been used as a diagnostic marker of diabetic nephropathy. But owing to its insufficient sensitivity and specificity, other biomarkers are being sought. In addition, the
pathophysiology of diabetic nephropathy is not fully understood and declines in renal function occur even without
microalbuminuria. In this study, we investigated urinary proteins from three study groups (controls, and type 2
diabetic subjects with or without microalbuminuria). Non-targeted label-free Nano-LC QTOF analysis was conducted to discover underlying mechanisms and protein networks, and targeted label-free Nano-LC QTOF with
SWATH was performed to qualify discovered protein candidates. Twenty-eight proteins were identified as candidates and functionally analyzed via String DB, gene ontology and pathway analysis. Four predictive mechanisms
were analyzed: i) response to stimulus, ii) platelet activation, signaling and aggregation, iii) ECM-receptor interaction, and iv) angiogenesis. These mechanisms can provoke kidney dysfunction in type 2 diabetic patients via
endothelial cell damage and glomerulus structural alteration. Based on these analyses, three proteins (kininogen1, basement membrane-specific heparan sulfate proteoglycan core protein, and roundabout homolog 4) were proposed for further study as potential biomarkers. Our findings provide insights that may improve methods for both
prevention and diagnosis of diabetic nephropathy.
Keywords: Diabetic nephropathy, urine, quantitative proteomics
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INTRODUCTION
Type 2 diabetes mellitus (T2DM) is a
metabolic disorder associated with microvascular complications. Diabetic nephropathy
frequently leads to end-stage renal disease
(ESRD) with a high-risk of death (Tziomalos
and Athyros, 2015). The prevalence of
nephropathy in T2DM is approximately 30–
50 % overall and higher in patients older than
65 years (Pavkov et al., 2006). The rate of
progression to diabetic nephropathy is quite
difficult to predict. Microalbuminuria is
known as a risk factor for ESRD and death
(Berhane et al., 2011). However, it is not an
accurate predictor of diabetic nephropathy.
Moreover, impaired kidney function in the
absence of microalbuminuria occurs (Antic et
al., 2009; Gawandi et al., 2018). Therefore,
more reliable markers are required for better
detection of kidney dysfunction in T2DM.
Urine provides a desirable biological sample for diagnosis and monitoring of diseases
because of its low complexity and non-invasive access (Shoukry et al., 2015; Wang et al.,
2014). The protein concentration of urine is
lower than that of blood and other biological
samples. However, urine contains both
plasma-derived and kidney-derived proteins,
reflecting the pathological and physiological
status of kidney (Pieper et al., 2004). Therefore, urine is suitable for discovery of biomarkers which reflect underlying mechanisms that affect renal or pre-renal processes.
Proteomics assesses the entire protein profiles
of biological fluids under various conditions,
and can provide a technological approach to
nephrology through the urinary proteome
(Fliser et al., 2007). For decades urinary proteins have been studied in an effort to discover
biomarkers of kidney diseases, notably diabetic nephropathy (Papale et al., 2010;
Pastushkova et al., 2018; Tam et al., 2009; Yu
et al., 2017).
The pathophysiology of diabetic nephropathy remains incompletely understood. Microalbuminuria is the method most commonly
used for detecting diabetic nephropathy. Occurrence of microalbuminuria is mainly due

to glomerular damage which results in impairment of the glomerular filtration barrier.
However, impaired renal function can occur
prior to the presence of microalbuminuria
(Caramori et al., 2003; Perkins et al., 2007).
This suggests that the onset of diabetic
nephropathy may be driven by several different mechanisms.
A number of candidate urinary biomarkers of diabetic nephropathy have been
identified, and they reflect different potential
forms of kidney injury (Lee and Choi, 2015).
The lead candidate is urinary transferrin
which has been claimed to be more sensitive
than microalbuminuria as a predictor of diabetic nephropathy. An increase of transferrin
has been found in diabetic patients even without microalbuminuria (Narita et al., 2004;
Zhang et al., 2019). However, it is noteworthy
that urinary transferrin is not specific to diabetic nephropathy and also increases in other
diseases that damage the glomerulus
(Mackinnon et al., 2003).
To discover other potential biomarkers for
diabetic nephropathy, we used a mass spectrometry (MS)-based proteomics approach.
This technique has been used for decades, and
several studies of diabetic nephropathy used
quantitative proteomic techniques including
both labeling and label-free approaches
(Duangkumpha et al., 2019; Overgaard et al.,
2010). The label-free approach is frequently
used because it is cheaper and provides higher
throughput and sensitivity than the labeling
approach. The approach may be enhanced
with SWATH (sequential window acquisition
of all theoretical fragment ion-mass spectrometry), which increases consistency and
reproducibility while also providing an elaborate data set (Lin et al., 2018; Muntel et al.,
2015).
In this study, we sought underlying mechanisms and potential urinary protein markers
using the non-targeted label-free Nano-liquid
chromatography quadrupole time of flight
(LC QTOF) analysis coupled with a powerful
bioinformatics software. In parallel, we used
a targeted label-free Nano-LC QTOF analysis
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via SWATH to assess these candidates as biomarkers for kidney dysfunction in T2DM.
MATERIALS AND METHODS
Sample collection
This study was conducted in accord with
the Helsinki Declaration and approved by the
Committee for Research of Faculty of Medicine, Ramathibodi Hospital, Mahidol University, Bangkok, Thailand (Protocol approval
ID-05-51-19). Mid-stream urine and data
were collected from former employees of
EGAT (The Electric Generating Authority of
Thailand) who were participants in the EGAT
Project, an ongoing prospective cohort in
Thailand which assesses metabolic risk for
cardiovascular disease and other chronic diseases. All EGAT participants have a health
survey every 5 years. Our subjects were
grouped as follows: i) controls, ii) those with
type 2 diabetes mellitus, and iii) those with
type 2 diabetes mellitus with microalbuminuria (T2DM with MAU). The participants who
had no history of DM in the EGAT Project
study year 2013 record and an 11-pad urine
strip test in year 2018 showing all negative
pads were considered as controls. Type 2 DM
status was verified by a normal blood glucose
test: 70-99 mg/dL. The participants who had
a history of DM in year 2013’s record and an
11-pad urine strip test showing all negative
pads with or without a positive glucose pad
were considered as having T2DM. The participants who had a history of DM in year 2013’s
record and 11-pad urine strip test showing all
negative pads along with a positive (trace to
3+) protein pad (with or without positive glucose pad) were considered as having T2DM
with MAU. Microalbuminuria was defined as
a urinary albumin-creatinine ratio between 30
and 300 mg/g. All 3 groups were matched by
age range, sex ratio, body mass index, and duration of diabetes mellitus. Exclusion criteria
were as follows: diabetes mellitus type 1, uncontrolled hyperglycemia (HbA1c), uncontrolled blood pressure, history of kidney diseases other than diabetic nephropathy, estimated glomerular filtration rate (eGFR) < 60

ml/min/m2, urinary tract infection, malignancy, hyperlipidemia, liver disease, and use
of angiotensin inhibitors or angiotensin receptor blockers. In summary, 24 subjects were
assigned to the control group, 18 to the T2DM
group, and 4 to the T2DM with MAU group.
Characteristics of the groups, such as age, sex
and blood chemical parameters, are listed in
Table 1.
Sample preparation
Approximately 50 ml of urine was collected from each subject using standard procedures for storage and sample transportation.
The samples were centrifuged at 4,000 rpm,
for 15 min for cell debris removal. Supernatant was collected and stored at -80 °C until
further use. The urine samples were divided
into 2 parts, for discovery and biomarker
qualification phases. The discovery phase
was conducted using pooled samples, while
individual samples were used in the biomarker qualification phase. The final volume of all biological replicates of both phases
was 3 ml. For discovery phase, urine samples
were divided into 4 biological replicates.
Then equal volumes of samples were pooled
to be used as a single biological replicate. The
exception was that T2DM with MAU subjects
were each used as biological replicates because there were only four of them. Desalting
and precipitation of urinary proteins were
conducted using 75 % ethanol coupled with a
2D-clean up kit (GE Healthcare, USA). Precipitated protein was resuspended in lysis
buffer (7 M urea, 2 M thiourea, 4 % CHAPS,
and 1X protease inhibitor cocktail) with 1X
protease inhibitor cocktail, and then cleaned
with the 2D-clean up kit. After that, the pellet
was resuspended in lysis buffer and protein
concentration was determined using a Bradford assay. In the biomarker qualification
phase, individual urine samples were used but
there was not enough protein in some samples. These samples were pooled and resulted
in 17, 17, and 4 individual samples of controls, T2DM, and T2DM with MAU, respectively.
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Table 1: Clinical and laboratory information of controls, type 2 diabetes mellitus (T2DM) and type 2 diabetes mellitus with microalbuminuria (T2DM with MAU) groups
Type2 DM with

Characteristics

Controls

Type2 DM

Gender (M/F)

16/1

14/3

3/1

Mean age (years)

61.5±3.6

62.8±5.6

61.3±7.4

Duration of diabetes (years)

-

10.9±9.6

7.8±5.5

BMI (kg/m2)

23.3±2.3

26±4.3

32.6±7.5

Fasting blood glucose (mg/dL)

90.5±10.7

122.2±25.6

134.3±23.3

HbA1c (%)

5.5±0.4

6.8±1.1

7.6±1.1

Systolic blood pressure (mmHg)

124.5±13.8

128.3±10.3

130.5±17.1

Diastolic blood pressure (mmHg)

72.5±9.1

72.8±8.5

70.8±10.3

eGFR (mL/min/1.73 m2)

80.9±14.6

84±21

122±41.4

Total cholesterol (mg/dL)

195.9±25.8

166.8±26

159±30.3

Triglyceride (mg/dL)

109.1±34.5

126.3±45.8

92.5±44.8

HDL cholesterol (mg/dL)

55.35±11.2

51.4±13.6

49.5±18

Direct-LDL cholesterol (mg/dL)

133.15±26.6

102.2±28.4

102.5±30.6

AST (U/L)

22.8±5.1

22.7±7.1

22.75±8.4

ALT (U/L)

20.1±7.4

26.3±9.4

30.3±12.3

ALP (U/L)

70.25±22.6

75.1±18.3

92±28.4

Urinary albumin/Creatinine ratio

3.6±2.1

7.4±6.2

97.8±74.9

MAU

NOTE: Data presented as the mean ± SD

In-solution digestion
At first, acetone precipitation was conducted in order to buffer changing from lysis
buffer to 8 M urea that was more suitable for
in-solution digestion. For each sample, 100
µg of protein was reduced by incubation at
room temperature for 30 min in reduction
buffer (100 mM dithiothreitol in 100 mM
TEAB). Then an alkylating buffer (100 mM
iodoacetamide in 100 mM TEAB) was added
and the sample was incubated at room temperature in the dark for 30 min. It was then
incubated again with reduction buffer at room
temperature for 15 min for quenching. Icecold acetone was added and the sample incubated at -20 °C overnight, then centrifuged to
collect the pellet. The protein pellet was resuspended with 8 M urea in 100 mM TEAB
and then digested for 16 hours at 37 °C using

Trypsin, Gold (mass spectrometry grade;
Promega, USA). The sample was dried in a
CentriVap DNA Concentrator (Labconco
Co., Kansas City, Missouri, USA), resuspended in 0.1 % formic acid (FA), and
cleaned up by C18 Zip tip. The cleaned peptide was then dried in the CentriVap and
stored at -80 °C until further processing. Finally, the sample was resuspended in 0.1 %
formic acid and the peptide concentration
measured by Nano drop 1000 (Thermo Fisher
Scientific, Bremen, Germany).
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Label-free Nano-LC-MS/MS analysis
Non-targeted label-free Nano-LC QTOF for
discovery phase
Peptides were analyzed on an LC-MS/MS
system including a Nano-liquid chromatograph (Dionex Ultimate 3000, RSLCnano
System, Thermo Scientific) in combination
with a CaptiveSpray source/Quadrupole ion
trap mass spectrometer (Model Q-ToF Compact II, Bruker, Germany). One microgram of
peptides was enriched by a Nano trap column
100 µm i.d. × 2 cm, Acclaim PepMap100 C18
5 µm, pore size 100 Å and separated using a
PepMap100 C18 3 µm 75 µm × 500 mm LC
column. Elution was performed using a linear
gradient of 2-95 % Solvent B over 90 min at
flow rate of 300 nL/min and a column temperature of 60 °C. There were 2 mobile
phases: A) 0.1 % FA in water, and B) 0.08 %
FA in 80 % acetonitrile. The loading pump
solvent consisted of 0.05 % TFA in 2 % acetonitrile. A gradient of mobile phase B was
used as follows: 2 % for 5 min, ramped to
30 % for 60 min, then ramped to 50 % for 10
min, ramped to 70 % for 5 min, and ramped
to 95 % for 5 min, then ramped down to 2 %
for 1 sec and re-equilibrated for 5 min. Drying
gas flow and temperature were 5 L/min and
150 °C, respectively, and nebulizer gas pressure was 0.2 bars. MS acquisition rate was
6 Hz and a positive ionization mode was used
with a survey scan mass range of m/z 1502200. AutoMSn CID fragmentation experiments were performed at low (4 Hz) and high
(16 Hz) mass spectral rates for the top 2 most
intense precursor ions using 3 sec dynamic
exclusion. Sodium formate was used for internal calibration, injected with a string pump.
Targeted label-free Nano-LC QTOF for
biomarker qualification phase using SWATH
Samples from the same subjects as in the
discovery phase were used. The operation
was conducted using the same system as in
the non-targeted analysis. One microgram of
peptides was separated by a PepMap100 C18
3 µm 75 µm × 500 mm LC analytical column
after enrichment on a Nano trap column 100
µm i.d. × 2 cm, Acclaim PepMap100 C18

5 µm, pore size 100 Å. Mobile phase A consisted of 0.1 % FA in water (HPLC grade);
mobile phase B consisted of 0.08 % FA in
80 % acetonitrile. The loading pump solvent
consisted of 0.05 % TFA in 2 % acetonitrile;
temperature was 60 °C and the flow rate was
300 nL/min. The gradient of mobile phase B
was: 2 % at 0-5 min, 30 % at 65 min, 50 % at
75 min, 70 % at 80 min, 95 % at 85 min, and
2 % at 85.1-90 min. In SWATH mode, we
used a targeted MRM method that was pre-set
in the system, specifically a quadrupole resolution at 25 Da/mass selection. Using an isolation width of 26 Da (containing 1 Da for the
window overlap), a set of 32 overlapping windows was constructed covering a precursor
mass range of 150–2200 Da.
MS data processing and statistical analysis
For the discovery phase, raw MS data
were processed with MaxQuant software
(version 1.6.2.10) coupled with its built-in
search engine, Andromeda, for protein identification. The default setting, with the human
database downloaded from www.uniprot.org,
was set to 1 as label-free approach. Parameter
settings used the defaults except the following. Oxidation of methionine and acetylation
of the N-terminus were set as variable modifications whilst carbamidomethyl modification of cysteine was set as a fixed modification. Bruker Q-TOF was selected for instrument type, with peptide tolerance for first and
main searches set as 0.5 and 0.25, respectively. Trypsin/P was set for the identification
of peptides with a maximum of two missed
cleavages. Label-free quantification used an
LFQ minimum ratio count of 1. Raw data
were blasted against Homo sapiens UniProt
database. False discovery rate (FDR) was set
at 1 % of the protein level. TOF MS/MS
match tolerance was set at 0.5 Da with labelfree quantification. Match between run option
in the software was used for mass and retention time’s re-calibrating between runs. LFQ
was carried out and imported into Perseus
software (version 1.6.8.0) for differential expression statistical analysis. One-way ANOVA
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was used out to compare T2DM versus controls, T2DM with MAU versus controls, and
T2DM with MAU versus T2DM, with posthoc Tukey’s HSD test cut-off set at FDR 0.05.
Venny (version 2.1) was used for plotting
Venn diagrams. In order to conduct multivariate analysis, principal component analysis
was performed using R software. Significant
differentially expressed proteins were subjected to protein-protein interactions, GO-enrichment, and pathway analysis using String
DB (www.string-db.org).
For the biomarker qualification phase,
Skyline software (version 19.1.0.193) was
used to analyze the data. Twenty-eight proteins, identified as significant in the discovery
phase, were analyzed to determine the extent
of protein expression. All peaks were checked
manually for correct integration and peptide
intensity was clarified as the peak area based
on the sum of all transitions. The Total Area
Sum (TAS) approach was processed manually to determine peptide intensity. Data were
visualized by the R software and GraphPad
Prism (version 5.01). P-values < 0.05 with
post-hoc Tukey’s HSD test were considered
statistically significant.
RESULTS
Clinical characteristics of subjects and
experimental workflow in both discovery
and biomarker qualification phases
Experimental design and the tools/software used in this study are presented in Figure
1. Urine samples were used in two experimental phases, discovery and biomarker qualification. Clinical and laboratory data of the
46 subjects are summarized in Table 1. There
were no significant differences in these characteristics among the 3 groups except for the
urinary albumin/creatinine ratios. The medications of subjects in the T2DM and T2DM
with MAU groups were similar and so the influence of medicines on the experiment was
avoided. Sex ratio, age, and BMI were

matched between the 3 groups as follows. For
sex ratio, the number of females was less than
that of males in all groups. Mean ages of the
3 groups were 61.5±3.6 years in the control
group, 62.8±5.6 years in the T2DM group,
and 61.3±7.4 years in the T2DM with MAU
group. BMI of all 3 groups were similar,
23.3±2.3 kg/m2 in the control group, 26±4.3
kg/m2 in the T2DM group, and slightly increased to 32.6±7.5 kg/m2 in the T2DM with
MAU. T2DM and T2DM with MAU groups
did not significantly differ in mean duration
of diabetes (10.9±9.6 and 7.8±5.5 years, respectively). There were also no significant
differences among groups regarding blood
pressure, nor lipid and liver profiles. Fasting
blood glucose was slightly increased in the
T2DM and T2DM with MAU groups
(122.2±25.6 and 134.3±23.3 mg/dL, respectively) compared to that in the control group
(90.5±10.7 mg/dL), with a similar trend in
HbA1c results. Urinary albumin/creatinine
ratios were higher in T2DM with MAU group
than in the control and T2DM groups (which
were not significantly different).
Discovery phase using non-targeted
label-free Nano-LC QTOF
Urine proteins from 12 pooled samples [4
biological replicates from the 3 groups: controls (n = 24), T2DM (n = 18), and T2DM
with MAU (n = 4)] were compared using label-free Nano-LC QTOF analysis. To achieve
the analysis, a technical triplicate analysis of
the same pooled sample was conducted on
urine sample. Raw data from mass spectrometry, analyzed using MaxQuant software with
a 1 % false discovery rate, identified proteins
and LFQ values for protein quantification. Of
the 510 identified proteins, 214, 281, 225
were in the control, T2DM and T2DM with
MAU groups, respectively. From the Venn
diagram (Figure 2), the 3 groups shared 94
proteins while T2DM had the most unique
proteins of 171 proteins.
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Figure 1: The experimental design for discovery of underlying mechanisms and qualification of urinary
biomarkers of diabetic nephropathy. Forty-six urine samples were collected and used in the two phases.
The discovery phase was performed using label-free Nano-LC QTOF by a non-targeted quantitative
proteomics approach. Protein identification and quantitation were completed by the MaxQuant software,
followed by statistical analysis with Perseus software. Functional analysis was done by the String DB.
Urinary biomarker qualification for targeted proteins was achieved by the SWATH-MS analysis. Skyline
software was used for data processing and GraphPad for statistical analysis.

Figure 2: Venn diagram representing the identified proteins using label-free Nano-LC QTOF
analysis. There are a total of 510 proteins in 3
sample groups, including controls, T2DM, and
T2DM with MAU. Overlapping areas indicated
shared proteins between 2 or 3 groups.
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One-way ANOVA together with post-hoc
Tukey’s test revealed 28 significant proteins.
We used String DB to investigate protein-protein interactions and explored enrichment of
these expressed proteins. Data were classified
based on their GO term, molecular function,
biological processes and cellular components,
KEGG and Reactome pathways. Our analysis
showed that 23 of 28 proteins were matched
in the String database, the exceptions being
the immunoglobulin proteins/fragments [antiStreptococcal/anti-myosin immunoglobulin
kappa light chain variable region (fragment),
Ig kappa chain C region, Ig kappa chain V-I
region AU, Ig kappa chain V-I region AG,
IGK@ protein, MS-F1 light chain variable region (fragment)]. Twenty of 23 proteins had
good protein-protein interactions; exceptions
were roundabout homolog 4, lithostathine-1alpha, and prostatin. The majority of these
significant urine proteins were extracellular,
functioned as a molecular function regulator,

PC2 (2.5 %)

Non-supervised analysis was performed
to investigate the capability to differentiate
urinary protein profiles. Principal component
analysis (PCA) differentiated the T2DM with
MAU group from the other 2 groups whilst
the analysis revealed similarity of the control
and T2DM groups (Figure 3). Each spot in the
figure represents 1 biological replicate. There
is greater reproducibility in control and
T2DM groups since the spot distances are relatively close together compared to those of
the T2DM with MAU group. The small sample size of this group (n = 4), in which each
biological replicate was from 1 sample, resulted in more variability than in the other 2
groups. Using the PCA results, protein expression was done using LFQ values and
groups compared using Perseus software. The
protein expression ratios were converted to
Log2 fold changes. Ratio greater or less than
1 were considered for comparison.

PC1 (93.3 %)

Figure 3: Principal component analysis (PCA) of the LFQ values obtained from urine samples of control
(green), T2DM (blue) and T2DM with MAU (red) subjects. Calculations and visualization were performed
with R software.
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and/or involved biological responsiveness to
stimulus. The major pathway involved was
coagulation as indicated from KEGG and Reactome database results (Figure 4). Based on
comparison between the control and T2DM
with MAU groups, the significant proteins
were down-regulated except for alpha-1-acid
glycoprotein 1, alpha-1-antichymotrypsin, alpha-1-antitrypsin,
alpha-1B-glycoprotein,
serotransferrin, and albumin (Table 2).
Eleven of 21 proteins involved in platelet
activation (derived from Reactome database),
while alpha-1-antitrypsin, kininogen-1, mannan-binding lectin serine protease 2, and prothrombin functioned in the complement and

coagulation cascades (from KEGG database).
Interestingly, all significant proteins were
down-regulated (except for serotransferrin
and albumin) in the T2DM group compared
with the T2DM with MAU group. The Reactome database analysis identified two major
pathways, specifically coagulation cascades
and immune responses. Moreover, the i) collagen alpha-1 (VI) chain and ii) basement
membrane-specific heparan sulfate proteoglycan core protein which functions in ECMreceptor interaction were identified in the
analysis of the KEGG database.

Figure 4: Enrichment of 28 significant differentially-expressed proteins using GO, KEGG, and Reactome pathways. (A) Top 10 enriched cellular components, (B) Top 10 enriched biological processes,
(C) Top 10 enriched molecular functions, (D) Top 10 enriched Reactome pathways, and (E) enriched
KEGG pathways
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Table 2: Comparison among groups of expression of proteins identified in the discovery and biomarker
qualification phases of study
Protein expression
(Log2 fold change)
No

Gene name

Protein
name

Discovery
phase
Gr3/
Gr1

Gr3/
Gr2

Biomarker
qualification
phase
Gr3/
Gr1

Biological
process
(p-value
< 0.05)

Reactome
pathway
(p-value
< 0.05)

Platelet
activation,
signaling and
aggregation

Gr3/
Gr2

1

ORM1

Alpha-1-acid
glycoprotein
1

2

SERPINA3

Alpha-1-antichymotrypsin

0.9

-0.6

-1.9

-2.1

Response
to stimulus

Platelet
activation,
signaling and
aggregation

3

SERPINA1

Alpha-1antitrypsin

1.2**

0.6

-0.9

-1.2

Response
to stimulus

Platelet
activation,
signaling and
aggregation

A1BG

Alpha-1Bglycoprotein

-1.3*

Response
to stimulus

Platelet
activation,
signaling and
aggregation

AHSG

Alpha-2-HSglycoprotein

-1.6

-1.5

-1.7*

-0.9

Response
to stimulus

Platelet
activation,
signaling and
aggregation

6

Un-annotated 1

Anti-streptococcal/antimyosin immunoglobulin
kappa light
chain variable region
(Fragment)

0.6

-1.8*

-1.4

-1.8

NA

NA

7

APOD

Apolipoprotein D

-2.0***

-1.6**

-1.2

-1.2

Response
to stimulus

8

HSPG2

Basement
membranespecific heparan sulfate
proteoglycan
core protein

-1.0*

-0.5

-2.0***

-1.7*

Response
to stimulus

9

APOH

Beta-2-glycoprotein 1

-1.2

-1.5*

-0.8

-0.2

Response
to stimulus

10

COL6A1

Collagen
alpha-1(VI)
chain

-10.3

-11.1*

-1.3

-2.0

Response
to stimulus

11

LGALS3BP

Galectin-3binding
protein

-1.4

-1.8*

-1.8

-1.6

Response
to stimulus

12

GM2A

Ganglioside
GM2 activator

-2.0*

-1.7

-3.4

-4.2*

Response
to stimulus

4

5

1.6

-1.6*

-1.3

-1.4

Response
to stimulus

1.2*

0.4

-1.6

881

KEGG
pathway
(p-value
< 0.05)

Complement and
coagulation
cascades

NA

ECMreceptor
interaction

Platelet
activation,
signaling and
aggregation
ECMreceptor
interaction
Platelet
activation,
signaling
and aggregation

EXCLI Journal 2020;19:872-891 – ISSN 1611-2156
Received: May 04, 2020, accepted: June 15, 2020, published: June 24, 2020

Protein expression
(Log2 fold change)
No

Gene name

Protein
name

Discovery
phase

Biomarker
qualification
phase

Gr3/
Gr1

Gr3/
Gr2

Gr3/
Gr1

Gr3/
Gr2

Biological
process
(p-value
< 0.05)

Reactome
pathway
(p-value
< 0.05)

KEGG
pathway
(p-value
< 0.05)

13

GSN

Gelsolin

-1.0

-1.4**

-1.6*

-1.6*

Response
to stimulus

14

IGKC

Ig kappa
chain C
region

1.6

-1.3

-0.3

0.4

NA

NA

NA

15

Un-annotated 2

Ig kappa
chain V-I
region AU; Ig
kappa chain
V-I region AG

-1.6*

-1.7*

-1.4

-0.6

NA

NA

NA

16

IGK@

IGK@ protein

-2.2

-3.6**

-0.4

0.3

NA

NA

NA

Response
to stimulus

Platelet
activation,
signaling and
aggregation

Complement and
coagulation
cascades

17

KNG1

Kininogen-1

-1.4**

-1.0*

-1.8*

-1.9*

18

REG1A

Lithostathine1-alpha

-9.7

-12.0*

-2.4

-3.1

19

MASP2

Mannanbinding lectin
serine
protease 2

-2.1**

-2.3**

-2.5

-3.2**

Response
to stimulus

20

Un-annotated 3

MS-F1 light
chain variable region
(Fragment)

0.0

-11.6*

-3.1

-0.6

NA

21

GNS

N-acetylglucosamine-6sulfatase

-1

-1.3*

-2.2

-2.2

Response
to stimulus

22

PRSS8

Prostasin

-8.7

-10.8**

-6.3

-6.8

23

KLK3

Prostatespecific
antigen

-0.8

-1.5*

-2.3

-1.9

Response
to stimulus

24

F2

Prothrombin

-12.6**

-12.1*

-2.0**

-0.8

Response
to stimulus

25

ROBO4

Roundabout
homolog 4

-2.5**

-1.7

-2.4*

-2.8**

Response
to stimulus

TF

Serotransferrin

0.0

Response
to stimulus

Platelet
activation,
signaling and
aggregation

27

ALB

Serum
albumin

1**

1.2**

1.1***

0.9***

Response
to stimulus

Platelet
activation,
signaling and
aggregation

28

UMOD

Uromodulin

-1.9**

-1.5*

-2.7

-2.2

Response
to stimulus

26

2.2*

1.2

0.1

Complement and
coagulation
cascades

NA

NA

Platelet
activation,
signaling and
aggregation

Complement and
coagulation
cascades

NOTE: For pairwise group comparisons, P-values were calculated using Tukey’s multiple comparison
test (* P<0.05, ** P<0.01, *** P<0.001)
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closely associated with the controls. This was
possibly due to biological variation.
Next, the candidate proteins were assessed, using pairwise comparisons, as potential biomarkers. The proteins showed the expression in accordance to the discovery phase,
and had ratios of ≥ 1 or ≤ 1, were considered
as potential biomarkers of kidney dysfunction
in type 2 diabetic patients (Table 2). Surprisingly, there were 9 significant differentiallyexpressed proteins, including albumin which
is currently used as a biomarker for diabetic
nephropathy. All of the proteins were from
the ‘response to stimulus’ process. Prothrombin and mannan-binding lectin serine protease
2, which are involved in complement and coagulation cascades, were detected. Alpha-2HS glycoprotein and albumin were found to
be expressed during platelet activation, signaling and aggregation. Interestingly, kininogen-1 was found to be involved not only in
platelet activation, signaling and aggregation,
but also in the complement cascade. Moreover,

PC2 (15.5 %)

Biomarker qualification phase using
targeted label-free Nano-LC QTOF
Targeted label-free Nano-LC QTOF analysis was used for validation of the 28 significant proteins identified in the discovery
phase. Urine samples were used from the
same subjects as in discovery phase. Samples
with inadequate amounts of protein were
combined into single samples. Therefore,
there were 17, 17 and 4 subjects in the controls, T2DM, T2DM with MAU groups, respectively. Raw data from mass spectrometry
was imported into the Skyline software. Normalized Total Area Sums (NormalizedTASs) were used for comparisons of protein
expression. PCA was conducted using R software. Results were in agreement with those
found in the discovery phase, that is the
T2DM with MAU group was distinct from the
control and the T2DM groups (Figure 5).
There was no obvious clustering among the
control and the T2DM groups. However,
there were two T2DM subjects that were

PC1 (65.3 %)

Figure 5: Principal component analysis of urinary proteins from 17 control subjects (green), 17 T2DM
subjects (blue), and 4 T2DM with MAU subjects (red). Normalized TAS was calculated and visualized
using R software.
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structural proteins (basement membrane-specific heparan sulfate proteoglycan core protein and Gelsolin) were observed. Figure 6
presents the results, using targeted label-free
Nano-LC QTOF analysis, for: basement
membrane-specific heparan sulfate proteoglycan core protein, gelsolin, alpha-2-HSglycoprotein, roundabout homolog 4, ganglioside GM2 activator, albumin, prothrombin,
mannan-binding lectin serine protease 2, and
kininogen-1. These box plots show the same
trends as the results from the analysis of
pooled samples. Alpha-2-HS-glycoprotein
and prothrombin were found to be decreased
in the disease groups. On the other hand,
roundabout homolog 4, ganglioside GM2 activator, and mannan-binding lectin serine protease 2 were found to be increased in the
T2DM group and significantly decreased in

the T2DM with MAU group. The proteins
that were unchanged in the T2DM group but
significantly decreased in the T2DM with
MAU group were the basement membranespecific heparan sulfate proteoglycan core
protein, gelsolin, and kininogen-1.
DISCUSSION
Predictive mechanisms implicated in progressive kidney dysfunction in T2DM and
qualification of potential urinary biomarkers
were investigated in this study. Urine from 3
groups of subjects who were participants in
the EGAT project was collected, precipitated,
and in-solution digested prior to resolving by
label-free Nano-LC QTOF. The label-free
quantification method was selected because
of its uncomplicated sample preparation and

Figure 6: Box plots of 9 significant differentially-expressed proteins in targeted label-free Nano-LC
QTOF analyses. All of the proteins were part of the ‘in response to stimulus’ process. They are divided
into 4 subgroups: i) structural proteins, ii) proteins involved in platelet activation, signaling, and aggregation, iii) proteins involved in complement and coagulation cascades, and iv) other proteins. Pairwise
group comparisons were calculated using Tukey’s multiple comparison test. (* P<0.05, ** P<0.01, ***
P<0.001)
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convenience. Each sample was analyzed in
triplicates to confirm reproducibility (Onile et
al., 2017; Rawat et al., 2016). The Nano-LC
QTOF provided a label-free method with a
sensitive and precise quantitative approach. In
the discovery phase, analyzing pooled samples, the label-free Nano-LC QTOF was performed in combination with MaxQuant software. The method was capable of identifying
510 urinary proteins with more than 2 unique
peptides that fell within the range of human
urinary proteins, comparable to other proteomics approaches (Duangkumpha et al.,
2019; Hirao et al., 2018; Marimuthu et al.,
2011). PCA analysis with R software provided explicit separation of the T2DM with
MAU group from control and T2DM groups
by a shift along the first component. This indicated a difference in protein expression correlated with progressive kidney dysfunction.
In contrast, the control and T2DM groups
were not distinct, suggesting a similarity of
features/proteins that did not change during
the progression from non-diabetes to diabetes.
However, a study in 2015 reported marked
differences among control, T2DM with no
nephropathy, and T2DM with nephropathy
groups (Heeg et al., 1987; Lewandowicz et
al., 2015). Most of the subjects in the T2DM
with no nephropathy group took ACEI/ARB,
anti-hypertensive drugs, capable of reducing
proteinuria. Therefore, hypertensive DM patients taking these drugs may have normal albuminuria even if they have proteinuria. In
contrast, our study excluded subjects taking
ACEI/ARB drugs from all groups to ensure
albuminuria was unaltered. Out of the 510
discovered urinary proteins, 28 proteins were
differentially expressed by subjects in the
T2DM with MAU group compared with those
in the control and T2DM groups. Some of
them were previously described as candidate
biomarkers for diabetic nephropathy including alpha-1-acid glycoprotein, alpha-1-antitrypsin, collagen fragment, transferrin, uromodulin and albumin (a well-known biomarker) (Cohen-Bucay et al., 2012; Currie
and Delles, 2016; Jin et al., 2012). Our ‘sig-

nificant proteins’ underwent further functional/pathway analysis. This showed that
most were extracellular, related to kidney
dysfunction, and involved in response to stimulus, complement cascades, platelet activation, signaling and aggregation, or ECM-receptor interaction mechanisms.
Diabetic nephropathy is a serious complication of diabetes mellitus and may lead to
end-stage renal disease (Hovind et al., 2001).
The complication progresses gradually to
dysfunction of the kidney promoted by various accelerators (Forbes and Fotheringham,
2017; Jefferson et al., 2008; Sagoo and Gnudi,
2018). Chronic hyperglycemia induces microvascular damage by activation of electron
transport and provokes ROS formation (Palm
et al., 2003; Singh et al., 2008). Particularly in
the kidney, accumulation of ROS causes endothelial cell damage. Four predictive mechanisms which lead to progressive diabetic
nephropathy by enhancing endothelial cell
damage and glomerular alteration are schematically presented in Figure 7 and summarized as follows.
First, in our T2DM with MAU group,
most of the significant proteins were decreased more than two folds compared to
those of the control and T2DM groups, and
were found to be involved in the response to
stimulus process. These findings held for
apolipoprotein D, ganglioside GM2 activator,
mannan-binding lectin serine protease 2, prothrombin, roundabout homolog 4, and uromodulin. Importantly, 3 of them (kininogen1, mannan-binding lectin serine protease 2,
and prothrombin) involved in the complement
cascade, indicating dysfunction of immune
response. There are an increasing number of
studies which suggest that inflammation is
one of underlying processes in diabetic
nephropathy, associated with up-regulation of
various inflammatory parameters (DonateCorrea et al., 2020; Katsuki et al., 1998;
Pickup et al., 2000). However, some inflammatory parameters may be decreased in diabetic nephropathy or increases can be reversed by the effective protective approaches
(Sabapathy et al., 2019).
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Figure 7: Mechanisms underlying the progressive kidney dysfunction in type 2 diabetes mellitus and
responsible proteins. Proteins in pink area are part of the response to stimulus process. Proteins in red
and blue areas are involved in platelet activation, signaling and aggregation, and complement and coagulation cascades, respectively. Green and orange areas indicate the proteins that act as structural
proteins and serve in ECM-receptor interactions. Larger nodes represent proteins that were chosen to
be candidate biomarkers for diabetic nephropathy.

Second, 12 of the significant proteins, e.g.
alpha-1-antitrypsin, kininogen-1 and prothrombin, are involved in the coagulation cascade, especially in activation, signaling, and
aggregation (both up- and down-regulation).
Other studies have shown enhanced coagulation function in diabetic patients with
nephropathy (Sun and Liu, 2018). The downregulation of signaling proteins may drive the
reduction of proteins that function in stimulus-response. Interestingly, kininogen-1 was
at the core of the aforementioned traffic link.
Even though kininogen-1 plays a role in the
kallikrein-kinin system (cooperation with

renin-angiotensin system), the mechanism remains unclear. In type 1 DM with MAU, both
plasma and urinary kininogen-1 have been
proposed as predictors of disease (Merchant
et al., 2013; Tomita et al., 2012; Vitova et al.,
2017).
Third, glomerulus structural alteration is
mentioned frequently in the pathophysiology
of the kidney dysfunction of DM patients. In
the current study, we found expressed proteins which were implicated in ECM-receptor
interactions and acted as structural proteins.
Thickening of the glomerular basement membrane (GMB) is a structural change found in
diabetic nephropathy. Collagen alpha-1(IV)
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chain and basement membrane-specific heparan sulfate proteoglycan core protein are glomerular matrix proteins. Our results agree
with reports that these proteins are decreased
in diabetic nephropathy (Ikeda et al., 1991;
Merchant et al., 2009; Yagame et al., 1995;
Zhu et al., 1994). A reduction of extracellular
matrix excretion may explain the accumulation of extracellular matrix. Another structural protein we identified was gelsolin that
plays a crucial role in regulation of actin filament assembly and disassembly. An actinbased contractile system is used by podocytes
to form the specialized epithelial cell covering
of the outer layer of glomerular basement
membranes (He et al., 2013). Therefore, the
reduction of gelsolin found in our study may
be responsible for the glomerular alteration in
diabetic nephropathy. A decrease of gelsolin
in plasma may be involved in ROS production
and inflammation which promotes PKC activation and causes kidney damage in diabetic
nephropathy (Cheng et al., 2017; Li et al.,
2009; Lu et al., 2019; Sagawa et al., 2003).
Fourth, glomerulus structural alteration
progresses because of microvascular impairment caused by endothelial cell damage. This
is proposed as playing a crucial role in diabetic nephropathy (Cheng and Harris, 2014;
Tervaert et al., 2010). Roundabout homolog 4
(ROBO4) is a member of the Robo protein
family, thought to be expressed mainly in the
neuronal system. But it is now seen as specific
to endothelial cells and to function in the control of angiogenesis (Cai et al., 2015;
Huminiecki, 2019). Vascular dysfunction is
reported in association with Robo1 as shown
in an miRNA study. However, an in vivo
study found that ROBO4 is crucial for coordinating the symmetry of intersomitic vessels
(Bedell et al., 2005; Hartmann and Thum,
2011). Interestingly, our study found that decreased expression of ROBO4 in the T2DM
with MAU group was strongly associated
with endothelial cells. Therefore, ROBO4
may be responsible for the dysfunction of angiogenesis, causing lesions in glomeruli and
lead to kidney dysfunction in diabetic patients.

In the biomarker qualification phase, we
performed SWATH and used a label-free
Nano-LC QTOF analysis. Sequential window
acquisition of all theoretical mass spectra
(SWATH-MS) was performed in MRM mode
of the QTOF analysis. In this mode, all ionized peptides within a specified mass range
were fragmented using slightly overlapping
precursor isolation windows with 25 m/z each
in a systematic analysis. Though data analysis
of SWATH-MS is the hardest among the
methods of quantitative MS analysis, it provides comprehensive detection of peptides
and has high consistency (Ludwig et al.,
2018). The 28 proteins found to be significant
from the discovery phase were targeted and
their expression was assessed in individual
samples. Finally, 9 proteins showed expression levels similar to the results of the discovery phase and reached statistical significance.
For decades, many researchers have tried
to use a biomarker to predict the onset of kidney dysfunction in diabetic patients, but with
little success. There has been low consistency
across studies and validation problems with
individual samples (Cohen-Bucay and
Viswanathan, 2012). The kidney dysfunction
in type 2 DM appears to progress by co-occurrence of multiple mechanisms including
inflammation, coagulation, glomerular structural alteration, and angiogenesis. Therefore,
we selected proteins showing differential expression and involvement in the proposed
mechanisms as candidate biomarkers for diabetic nephropathy in type 2 DM. These were
kininogen-1, basement membrane-specific
heparan sulfate proteoglycan core protein,
and roundabout homolog 4. However, the
study was limited by the small number of subjects in the T2DM with MAU group (only 4
subjects). Biological diversity was detected
and is seen in the PCA results. Therefore,
while this study gained insights into candidate
biomarkers for kidney dysfunction in type 2
DM, further quantitative studies with larger
numbers of subjects are needed to reliably determine their sensitivity and specificity.
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CONCLUSION
Diabetic nephropathy is one of the serious
complications in diabetes mellitus patients.
With the use of such high throughput technology as label-free Nano-LC QTOF integrated
with powerful software, the underlying mechanisms of kidney dysfunction in T2DM were
shown to be i) dysfunction of the response to
stimulus process, ii) platelet activation, signaling, and aggregation, iii) malfunction of
ECM-receptor interactions, and iv) angiogenesis. Via these mechanisms endothelial cells
are damaged, resulting in glomerulus structural alteration. SWATH analysis, a comprehensive and precise method, provided three
candidate biomarkers for kidney dysfunction
in T2DM: kininogen-1, basement membranespecific heparan sulfate proteoglycan core
protein, and roundabout homolog 4. After further evaluation, these biomarkers may become effective tools, replacing or in combination with microalbuminuria, for better diagnosis of diabetic nephropathy.
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