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Abstract

Background. The early diagnosis of diabetic nephropathy (DN) is essential to improve the
prognosis and manage patients affected by this disease. Standard biomarkers, including
albuminuria and glomerular filtration rate, are limited to give a precise result. New
molecular biomarkers are needed to identify better and predict DN disease evolution.

Characteristic DN biomarkers can be identified using transcriptomic analysis.

Aim of the study. To evaluate the transcriptomic profile of controls (CTRLs, n = 15),
prediabetes (PREDM, n = 15),, type-2 diabetes mellitus (DM-2, n = 15), and DN (n = 15)
patients by microarray analysis to find new biomarkers, RT-PCR was used to confirm gene

biomarkers specific for DN.

Materials and methods. Blood samples were used to isolate RNA for microarray expression
microarrays evaluating 26,803 unique gene sequences and 30,606 LncRNA sequences,
selected gene biomarkers for DN were validated using gPCR assays. Sensitivity,
specificity, and area under the curve (AUC) were calculated as measures of diagnostic
accuracy.

Results. The DN transcriptome, founding here, were composed by 300 induced genes,
compared to CTRLs, PREDM, and DM-2 groups. RT-gPCR assays validated that
METLL22, PFKL , CCNB1 and CASP2 genes were induced in the DN group compared to
CTRLs, PREDM, and DM-2 groups. The ROC analysis for these four genes showed
0.9719, 0.8853, 0.8533 and 0.7748 AUC values respectively.

Conclusion. Among induced genes in the DN group, we found that CASP2, PFKL and
CCNBL1 can be used as potential biomarkers to diagnose DN, where, METLL22 represents
the best with an AUC=0.97109.

Keywords: diabetic nephropathy; diabetes; transcriptome; microarray; biomarkers.



Introduction

Diabetic nephropathy (DN), also referred as diabetic renal disorder or diabetic kidney
disease, is a common and severe microvascular complication of type 2 diabetes (DM-2),
which evolves to an end-stage renal disorder (ESRD) if not properly detected and treated.
With the increasing incidence of DM-2 worldwide, DN has become a health concern[1],
since approximately 40% of DM-2 patients develop DN. The effective treatment of DN
requires glycemic control and antihypertensive measures[2], and is more effective if starts
as promptly as DN is detected. Thus, it is of pivotal importance the diagnosis of DN during

its early stages[3].

The glomerular filtration rate (GFR) is the main biomarker used for predicting ESRD or
DN in both clinical practice and trials. The Chronic Kidney Disease Epidemiology
Collaboration (CKD-EPI) and Modification of Diet in Renal Disease (MDRD) equations,
both based on serum creatinine, are commonly used to estimate GFR. Colhoun et al. [4]
showed that the accuracy for both equations is low, ranging from 65% to 69%, and as
discussed by Porrini et al[5], these equations have underlying errors in the use of creatinine
for the estimation of GFR. By the other hand, microalbuminuria is another commonly
investigated biomarker for the diagnosis of DN. However, its diagnostic value in early-
stage DN is limited when renal injury commonly precedes proteinuria, as is described by
Perkins et al., who showed that only 52% of patients with advanced-stage DN developed
proteinuria during a 12-year follow-up study. In another study [6], it was found that only
33% of patients with type 1 diabetes with confirmed microalbuminuria developed the
clinically apparent renal disorder. Other studies have reaffirmed these findings,
demonstrating that a substantial portion of diabetic patients with renal dysfunction do not

have proteinuria [7-9].

Omics technologies are high-throughput techniques that allow the collection, in a single
experiment, of large amounts of data, such as an entire library of genes and their signature
expression, which can be used to identify biomarkers. Bioinformatics tools have enabled
the extensive analysis and interpretation of such massive data. It has been well-established
that glomerular damage, tubular injury, inflammatory responses, and oxidative stress

contribute to the process of developing diabetic kidney disease[10]. Since all these



processes are complex and difficult to tackle without a strategy that contemplates global
changes at multiple levels, we propose the use of omics to find a transcriptome signature
able to identify patients in the early stages of diabetes in progress to developing DN. In this
study, we were able to identify four blood biomarkers involved in pathological pathways
(glomerular damage, mesangial expansion, oxidative stress, and metabolic dysfunction)
using transcriptional analysis with mRNA microarrays and qPCR. Given that these
processes occur in prediabetic or diabetic groups, as well as in patients with DN, we
suggest that the use as surrogate biomarkers may have a potential application in the

diagnosis of early-stage DN.
Materials and Methods
Study population

A total of 60 subjects (fifteen per group) were recruited from Zacatecas, Mexico, from
November 2015 to December 2018. Laboratory analysis for fasting glucose, hemoglycated
hemoglobin, creatinine, urea, general urine test, 24-hour creatinine clearance
(ml/min/1.72m?), microalbuminuria, and urine proteins for all patients was done. All adult
patients were classified using the American Diabetes Association classification based on
hemoglycated hemoglobin (HbAlc): Controls (CTRLS) (HbAlc <5.6%), Prediabetes
(PREDM) (HbA1c 5.7 to 6.3%), type 2 diabetes (DM-2) (HbAlc> 6.4%). Diabetic Patients
with diabetic nephropathy were referred from the Nephrology consultation. Patients under
follow-up by the HGZ1 service were classified after assessing renal function according to
the Mogensen and KDIGO classification with results of blood chemistry, creatinine
clearance, proteinuria and albuminuria in urine for 24 hrs, patients with urinary tract
infection were ruled out as well as patients who could have other added kidney disease
Table 1 shows general demographic and clinical data from patient. The study was approved
by the IMSS National Committee for Scientific Research and Ethics (Registry R-2017-785-
131) and follows the international ethical standards of the Helsinki convention for research

studies in humans[36]. All participants signed an informed consent letter.
Sample’s processing.

Four mL of peripheral blood from each participant were taken and homogenized in
vacutainer-EDTA tubes (Becton-Dickinson,USA) . One mL of RNA later (Thermo Fisher



Scientific, USA) was added immediately after blood collection to maintain the integrity of
the RNA and stored at -70 °C until use. Blood and urine samples were taken from each

participant to perform laboratory tests for kidney function.
RNA isolation.

Frozen blood samples were processed by combining the conventional Trizol-Chloroform
method (Invitrogen, USA) with the QIAmp column protocol (Qiagen Inc, USA), following
the manufacturer's instructions. RNA concentration and purity were determined using an
ND-1000 nano-droplet kit (Thermo Fisher Scientific, USA). The RNA integrity number
(RIN) was determined using the RNA 6,000 Nano kit (Agilent Technologies, USA), with a
Bioanalyzer-2100 instrument (Agilent Technologies Genomics, USA) according to the
manufacturer instructions. Microarrays were made using only RNA samples with 260/280
index > 2 and RIN> 6.

Expression microarray assays.

Six samples of cRNA from each group of patients were used (a total of 24). Two hundred
ng of total RNA per sample was processed according to the "Single Color Microarray
Based Gene Expression Analysis Protocol" (Agilent Technologies, USA). According to the
supplier's instructions, each of the fragmented cRNA samples was hybridized with the high
human density AS G4851C 8X60K microarray (Agilent Technologies, USA) for 17 hours
at 65 °C. These microarrays contain 26,803 unique gene sequences and 30,606 LncRNA
sequences. Image subtractions were performed using the G4900DA "SureScan Microarray
Scanner" laser reader (Agilent Technologies, USA). Mean fluorescence intensity (MFI)
values for each sequence were assigned using the "Agilent Feature Extraction” program
(Agilent Technologies, USA).

Statistical analysis (microarrays).

Unsupervised data analysis was generated from each sample that met the hybridization
quality criteria (splash controls, Q.C. report, etc.). Logarithmic normalization on expression
values was carried out. The fold-change on induced or repressed genes (in the groups, it
was determined using a "moderate t-test” (empirical Bayes). A heat-map was made with the
gene expression values "aver exp" that had a p value <0,05. Data were processed with the

Bioconductor environment using R Studio's statistical program (R Foundation for



Statistical Computing, 2016), applying the Limma [11] package. Genes with an absolute
value of F.C.>2 and p <0.05 were selected for a group intercomparison using a Venn
diagram to determine which genes were unique to the DN group. Differentially expressed
genes were subjected to GO-Analysis, using the over-representation test within the
PANTHER classification system (Panther version 16, pantherdb.org/)[12], to identify the

gene ontology for all upregulated genes.
gPCR assays.

Fourteen genes from the DN group were selected for gPCR analyses (CCNB1, PFKL,
CASP2, METTL22, ITGAM, IP6K1, ARMC6, TROAP, SUSD6, PCP4, FAM229A,
CACFD1, FAM129B, and CMTM4) and HPRT as housekeeping gene control. The
oligonucleotide sequences are showed in Supplementary Table 1. cDNA was synthesized
from each RNA sample using the enzyme SuperScript 11 200 U/ul (Invitrogen, USA)
according to the manufacturer's instructions. The amplifications were carried out in L.C.
480 (Roche, USA) with "SSoFast™ EvaGreen®" (BioRad, USA) according to the
manufacturer's instructions with 50 ng of cDNA. The relative expression of each gene was
calculated using the equation 2-AACt [13].

Results
Identification of Differential Expressed Genes (DEGS)

Based on the cutoff criteria described in the section above, a set of 351 genes was identified
as differentially expressed in the DN group versus DM-2 group, including 345 up-regulated
and six down-regulated. The representative heat map of 70 distinctive genes is shown in
Figure 1. CCNBI was the most up-regulated gene with an FC of 2.9428. Table 2 lists the
top 14 microarray up-regulated genes selected for the gPCR assays. The gene expression

profiles for each group are clustered using Euclidean and ward algorithms.
RT-PCR analyses

To verify the expression level of the up-regulated mMRNAs, we performed RT-PCR for the
genes described in Table 2. The RT-PCR results confirm the microarray data in only four
genes (PFKL, CCBN1, CASP2, and METTL22). As shown in Figure 2, gene casp2 has an

increased expression in the groups of DM-2 and DN and is differentially expressed in the



group of DN from PREDM and CTRL, in a similar manner PFKL and CCNB1 genes
showed a trend to have an increased expression from PREDM to DN and are differentially
expressed in the group of DN versus all groups; in the case of METTL22 the DN group had

the highest relative expression.
Evaluation of CCNB1, PFKL, CASP2, and METTL22 as possible biomarkers

To evaluate the usefulness of these genes as potential biomarkers to identify patients with
DN, we performed ROC curves. In Figure 3, the ROC analysis showed significant
differences of the genes compared to the non-discrimination line. Furthermore, the AUC for
all four genes was above 0.75, suggesting their utility as biomarkers. Surprisingly,
METTL22 had the highest AUC (>.9719), sensitivity, and specificity, and therefore can
serve as the most promising biomarker for DN.

Upregulated genes are involved in pathways related to DN development.

Panther database gene ontology analysis showed 42 different pathways. In Figure 4, Wnt
signaling pathway was the most represented with 3 genes (Lrp6, SMARCC2, GNG13),
CCNB1 gene was related to cell cycle and p53 pathways; PFKL was related to glycolysis,
and CASP2 is related to intrinsic apoptotic signaling pathway in response to DNA damage
(not shown in figure 4). METTL22 as being a new gene has non-associated pathways in the

database.
Discussion

DN is a pathological state resulting from the dysregulation of multiple genetic interactions
involved in complex metabolic pathways. Furthermore, increased oxidative stress induced
by hyperglycemia may contribute to diabetic complications such as DN. In general, the
study of alterations in the expression of genes associated with metabolic disorders can be
beneficial in the search for biomarkers of diagnostic and prognostic utility. Currently, the
validated markers to differentiate the progression of DN from PREDM2 states or in the
early stages of DM2 can be performed by comparing the transcriptional expression between
groups of subjects with different stages of evolution of the disease. The identification of
these markers is essential to improve the clinical management of patients with DN. To date,
no reliable markers have been developed related to altered gene regulation associated with

abrupt changes in insulin and glucose metabolism during DN. Numerous trials have been



carried out using different omic technologies to find new biomarkers for diabetic
nephropathy or to identify early signs of this disease, this with the idea of replacing the
measurement of albuminuria since DN can frequently progress without an increase in

albumin excretion [14].

A microarray analysis this way can identify biomarkers genes for early DN diagnosis. In
this study, a set of more than 300 genes were upregulated in the group of DN compared to
CTRLs, PREDM, and DM-2 groups of subjects when transcriptional RNA profiles from
blood samples were analyzed using a human chip containing more than 61k DNA sequence
probes (including MRNA and non-coding long RNAS). Further analysis by RT-PCR in 14
of these 300 upregulated genes confirmed the overexpression of four genes in DN patients:
CASP2, PFKL, METTL22, and CCNBL1 but lower expression levels in PREDM and DM-2
subjects, suggesting that these genes are critical in the evolution of DN. ROC analysis for
these four genes showed values from 0.9719, 0.8853, 0.8533 and 0.7748, respectively,

suggesting they can be used as potential biomarkers to diagnose DN.

From our results, CASP2 showed 4 times fold increased RNA expression associated with
DN patients. Casp2 is an enzyme belonging to the caspase’s family; caspases mediate
cellular apoptosis through the proteolytic cleavage of specific protein substrates. The
encoded protein may function in stress-induced cell death pathways and cell cycle
maintenance. Although CASP2 has not been reported in other DN microarray analyses,
CASP2 has been linked to apoptosis-associated to the development of DN, explicitly with
mitochondrial injury, due to a positive feedback loop, caspases damage the mitochondria,
leading to loss of mitochondrial transmembrane potential [15, 16]. CASP-2 activates
cytochrome C and Bax translocation that, in a positive loop, causes further mitochondrial
damage [17]. To confirm these results, methodologies to evaluate markers for apoptosis in

blood cells to know if overexpression of CASP2 is linked to DN.

On the other hand, Ccnbl is a cell cycle-related protein. CCNBL1 codifies for Ccnbl and has
been found overexpressed in transcriptomic analyses related to podocytes injury damage
[18]. However, its active role in DN has not been further explored. The function of CCNB1
Is associated with mitosis, given that this protein is necessary for proper control of the
G2/M transition phase of the cell cycle [19]. Woroniecka et al. found CCNBL1 differentially

10



expressed in kidney tubule samples from DN patients [20]; Tsali et al. evaluated CCNB1
levels by RNA-seq from proximal tubular epithelial cells; they found CCNBL1 to be
associated with Skp2, a protein associated with cellular senescence in DN [21]. In the
injured proximal tubule (PT), FoxM1 regulates podocyte cell cycle progression, and known
downstream targets of FoxM1 include Ccnbl. Podocyte injury damage could be precluded
by CCNBL1 overexpression mediated by FOXM1, which indeed suppressed in vitro
proliferation, implying FoxM1 as a PT-specific regulator of injury-induced cell
proliferation, being CCNB1 involved in the loss of podocytes in the case of renal injury as
it has been previously documented [22, 23]. The increase in CCNB1lexpression could be
related to podocyte injury damage, and this could be analyzed in terms of FoxMZlincrease
cell expression. Interestingly, FOXR2 was repressed in diabetes groups compared to
controls in the microarray analysis we have done, suggesting that this gene expression also
changes when the diabetes imbalance has begun. Our results indicate that CCNB1 has three
times the fold overexpression in DN patients' blood cells compared to CTRLS, PREDM,
and DM-2. Clinically these DN patients have short clinical evolution, with DN diagnosed
on a one-year window since first clinical or laboratory manifestations. Thus, CCNB1 may
be upregulated early in DN patients. Type 2 diabetes is a complex disorder with diminished
insulin secretion and insulin action contributing to hyperglycemia and many metabolic
defects that underlie the disease [24]. PFKL is an enzyme that catalyzes the conversion of
D-fructose 6-phosphate to D-fructose 1,6-bisphosphate, which is a crucial step in glycolysis
[25]. B cell glycolysis increases insulin secretion in a glucose concentration-dependent
manner and could link between impaired glucose metabolism and impaired insulin
secretion. Transgenic mice overexpressing the PFKL gene were associated with diminished
glucose-induced insulin [26]. PFKL gene upregulation has not been reported before in
another microarray; Some previous results implicate PFKL in the dysregulation of energy
management, and DM-2 mediated damage in DN associated with Smad4[27]. As
hyperglycemia is intrinsically linked with ROS production, shifting the glucose balance
enables ROS to activate intracellular signaling and/or induce cellular damage and cell death
[28]. In a correlation analysis (data not shown), we found that the higher RNA PFKL
expression in the group of DN patients studied could be associated with other oxidative

stress genes confirming an altered signal pathway relevant to DN evolution. METTL22 is a
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newly reported gene not known, to our knowledge, linked with DN. METTL22 is a
member of the non-histone lysine methyltransferases. It interacts with its substrate, Kinl17,
which is involved in DNA repair and replication and mRNA processing [29]. Oxidative
stress plays a crucial role in the development of vascular complications of diabetes. Several
reports have also shown that diabetes increases oxidative damage to DNA [30, 31].
METTL22 overexpression in DN could be explained as an activation of the DNA damage
process fragmentation, which has already been used as a predictive marker for DN [32].
Other biomarkers such as urinary 8-hydroxydeoxyguanosine are associated with DNA
damage and may be used to diagnose DN [33]. As DNA damage occurs, overexpression of
these genes could be happening simultaneously since our RT-PCR results only show
overexpression of CCNB1, METTL22, and PFKL in DN patients, whereas CASP2 gene
expression increases in PREDM, DM-2, and overexpressed in DN. Integrated cohort

analyses are necessary to identify these molecules as prognostic markers for DN.

Numerous assays have been made using different omics technologies to find new
biomarkers or to identify early signs of disease that replace the standard diagnostic criteria
that is albuminuria, as DN can frequently progress without an increase in albumin excretion
[14]. Several biomarkers have been proposed before, with AUC values ranging from <0.6
to 0.9. For example, Transferrin/Creatinine Ratio (TCRE) excretion have demonstrated an
AUC of >0.8 [34]. Still, as many new proposed biomarkers have special considerations,
TCRE has increased concentration in a non-diabetic population with hypertension [35]. In
the end, just a few biomarkers are being used in clinical trials [4]. The four proposed
biomarkers in our study have good AUC values, with METTL22 having the highest AUC
value (0.97), but further studies are needed to find usage considerations or prospective

validation for these markers.

In this study, through transcriptome analyses, we were able to identify four blood
biomarkers involved in pathways related to DN (CASP2, PFKL, METTL22, and CCNB1)
using mMRNA microarrays and gPCR. These gene expressions also occur in prediabetic and
diabetic groups and patients with DN, suggesting they may be valuable biomarkers in early-
stage diagnosis. METTL22 had a higher AUC value of 0.9719 and is worthy of further
evaluation in a higher population sample. However, this study has some limitations. For

example, these predictions were not validated in cohort experiments. The number of

12



samples used for analysis is small. Despite this, the results were statistically significant.
Further studies will analyze a bigger sample, and experimental data may validate the value
of the identified biomarker genes for DN.
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Figure Legends

Fig. 1. Cluster analysis of genes associated with Diabetic nephropathy; A) Top 70 genes are
selected in the figure and B) Cluster analysis of genes associated selected for RT-PCR
analysis. Samples of total RNA from patients with DN (dark blue), controls (light pink),
PREDM (light blue), and DM-2 (purple) were used to identify the transcriptional profile
associated with each of the representative groups by microarray analysis (8X60Kk v2,
Agilent, USA). Gene expression profiles for each group are clustered using Euclidean and
ward algorithms with feature autoscaling. Color Scale represents green down-regulated, red

over-expressed, and black genes without gene expression change.

Fig. 2. Gene expression analyses of CCNB1, PFKL, CASP2, and METTL22 in ND
patients. Gene expression analysis by microarray was carried out on cDNAs from blood
samples to assess selected genes' relative gene expression profile in DN. The graphs show
the median as a descriptive statistic. All relative values used HPRT expression as the
reference gene in equations 222, Multiple comparison tests were performed using the
non-parametric Kruskal-Wallis test. P values less than 0.05 were considered statistically
significant. The * represent significant differences, ** very significant differences, and ***

highly significant differences.

Fig. 3. Receiver operating characteristic (ROC) curves of potential diabetic nephropathy
gene biomarkers. The ROC analysis and area under the curve (AUC) are shown for
CTRLS, PREDM, DM-2, and DN, for all CCNB1, PFKL, CASP2, and METTL22 RNA:s.
The middle dash represents the line of no discrimination. The p values of less than 0.05

were considered statistically significant.

Fig. 4. Pathway analysis of up-regulated genes. PANTHER GO-Slim Pathway process
analysis identified 42 pathways associated with the 345 up-regulated genes from DN. Pie
chart representing all the identified pathways, each pie color represents a different pathway
(right). Each association is supported by literature evidence as to the pathway component

extension shows.

Supplementary Fig. 1. Venn diagram depicting mRNA fingerprint per group, Gene
MRNA specific to each group was selected from those differentially expressed. The

overlapping numbers stand for the mutual differentially expressed genes between the
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different comparisons, and the non-overlapping numbers specify the genes unique to each
group. The top number represents upregulated genes, and the bottom represents down-
regulated genes.

Supplementary Fig. 2. Gene expression analyses for genes vary from microarray analysis.
Gene expression analysis by microarray was carried out on cDNAs from blood samples to
assess selected genes' relative gene expression profile in DN. The graphs show the median
as a descriptive statistic. All relative values used HPRT expression as the reference gene in
equations 2-AACt. Multiple comparison tests were performed using the non-parametric
Kruskal-Wallis test.

Table legends

Table 1: Sociodemographic, epidemiological, and clinical characteristics of the study

participants by group.

Table 2: Top 14 up-regulated genes.

Table 3: Receiver operating characteristic curve of genes selected in DN.

Supplementary table 1. Gene primers.
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TABLES

Table 1: Sociodemographic, epidemiological, and clinical characteristics of the study

participants by group.

Variables CTRLS PREDM DM-2 DN P value
Age (years) 43.93 51.38 50.63 47.14 ns
M/F 4/11 4/11 5/10 4/11 ns

Hypertension (n) 5 8 6 13 0.0039

IMC
GFR (ml/min/1.73 m?)
Serum Creatinine
HblAc (%)
Hemoglobin (g/dl)
Leucocytes (x10%"
Monocytes (%)
Lymphocytes (%)

Neutrophils (%)

27.69 +/-5.78 32.06 +/-5.47  32.13 +/-6.22 31.40 +/- 5.55 ns
107.2+/- 17.63 105.7 +/-14.92 108.2 +/- 15.1 81.37 +/- 35.71 0.0054*
0.7933 +/- 0.15 0.7533 +/-0.14 0.7467 +/-0.15 1.12 +/-0.49 0.0012*
5.331+/-0.23  5.995+/-0.18 8.131+/-1.8  8.179+/-1.924 <0.0001
1496 +/-1.60 1551 +/-1.06 14.92 +/-1.46 14.45+/-2.03 ns
6.26 +/- 1.66 7.49 +/- 1.62 7.35+/-152 7.81+4/-1.14 0.0362"
7.04 +/- 1.35 6.08 +/-1.7 6.45+/-1.60 6.3 +/-1.10 ns
32.33+/-6.78 33.87+/-8.82  36.67+/-5.7 3257+/-7.19 ns

58.13+/-7.2 57.08+/-9.02 5434 +/-6.46 58.29+/-7.63 ns

All variables are represented in mean +/- Standard Deviation, #= CTRLS vs DN, *= DN vs all

Groups, ns= non significant.
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Table 2: Top 14 up-regulated genes.

LogFold Adjusted p
ID GENE NAME

Change Value
CCNB1  CyclinB1 2.94289068 5.35E-06
PFKL Phosphofructokinase 2.90571555 0.00055807
ITGAM Integrin subunit alpha M 2.75183391 0.00062043
IP6K1 Inositol hexakisphosphate kinase 1 2.66290617 0.00309512
ARMC6  Armadillo repeat containing 6 2.63551298 0.00032945
CASP2 Caspase 2 2.58327823 0.00149083
SUSD6 Sushi domain containing 6 2.56958755 0.0045901
TROAP  Trophinin associated protein 2.56561544 0.00184783
METTL22 Methyltransferase like 22 2.50223787 0.00032642
PCP4 Purkinje cell protein 4 2.46924684 0.00048389
FAM229A Family with sequence similarity 229 member A 2.4567957 0.00249063
CACFD1 Calcium channel flower domain containing 1 2.42058333 0.0005273
FAM129B Family with sequence similarity 129 member B 2.4166741 0.00108924

CKLF like MARVEL transmembrane domain

CMTM4 2.37524045 0.00305938

containing 4
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Table 3: Receiver operating characteristic curve of genes selected in DN.

Gene Specificity% Sensitivity% Cut-off AUC (CI) p Value
CCNB1 71.11 86.67 0.9774  0.8533(0.7588-0.9479) <0.0001
PFKL 90 73.53 0.9344  0.8853(0.7815- 0.9891) 0.0002
CASP2 51.11 80 1.233 0.7748(0.6230-0.9266) 0.0015
METTL22  86.67 100 1.523 0.9719(0.9353-1.000) <0.0001

Specificity and sensitivity of Gene RNA expression determined from comparison between DN vs all
groups. ROC curves were calculated using 2 -2-AACt. AUC = area under curve.

Supplementary table 1. Gene primers.

Name Sequence

CCNB1-F AAGGCTGTGGCAAAGGTGTA
CCNBI1-R AAGGGGCCACAAGCTTTATT
PFKL2-F CTTCCTCATCTACGAGGGCT
PFKL2-R GGATGATGTTGGAGACGCTCA
ITGAM-F GGTTCACCTCCTTCCAGGTT
ITGAM-R TTGCGTTCTCTTGGAAGGTCA
IP6K1-F AGTTGCGTTTGCTTTGGACC
IP6K1-R GCAGCGCTAGGTGTACAGAA
ARMCG6-F GCAGTTTGAATCGCAAGGGG
ARMC6-R  ATGTCATGTGTGGGCTCCTG
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CASP2-F

CASP2-R

SUSDG6-F

SUSD6-R

TROAP-F

TROAP-R

METTL22-F

METTL22-R

PCP4-F

PCP4-R

FAM229A-F

FAMZ229A-R

CACFD1-F

CACFD1-R

NIBANZ2-F

NIBAN2-R

CMTM4-F

CMTM4-R

HPRT-F

HPRT-R

TTGGGCTATGACGTCCATGT

TCGGTGTGCAGGTAACTGTG

AGCAGGCAGTGTCATCGAAT

TCTCCATGGCTGGTTTCCAC

GCAAGATTCCGGTACGCTCT

TGGTTTCTGCACCCATCTCC

ACGACGACTTGACTGATGCT

TGTGACGTCCAAGTGTCTCA

GGTGGCCATTCAGTCTCAGT

GTGGACTAGGAGGGGGTTCT

TCGACGTCTACCTCGCCAT

CATCATTGTCTCGTGCTCGG

TCCTACCCAGGTAGTGGGAC

CTTGATCCACAGCCAACCCT

GGGCTGGTGCTCTACGAAAA

GTCCACGGACGTGAGGATTT

TGATCTTGGCCCTGATTGCAT

CAAGACGCCAGTCACCACAA

TGACCTTGATTTATTTTGCATACC

CGAGCAAGACGTTCAGTCCT
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Figure 3

Sensitivity%

Sensitivity%

100

80

60

40

20

100

80

60

40

20

0

0

ROC of PFKL ROC of CCNB1
100 ——9—
80
=
2
s 60
AUC = 0.8853 ¥ AUC = 08533
S 40
(7]
20
0
20 40 60 80 100 20 40 60 80 100
1- Specificity 1- Specificity

ROC of CASP2 ROC of METTL22

100
80
==
2
S 60
AUC = 0.7748 E BUR=RAFD
g 40
wn
20
0
20 40 60 80 100 0 20 40 60 80 100
1 - Specificity 1 - Specificity

24



Figure 4
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Background. The earty diagnosis of diabetic nephropathvy (DN) is essential to improve
he prognosis and manage patients affected by this disease. Standard biomarkers,
including albuminuria and glomerular filtration rate, are limited to give a precise result.
Mew molecular biomarkers are needed to identify better and predict DN disease
evolution. Characteristic DN biomarkers can be identified using transcriptomic analysis.
Aim of the study. To evaluate the transcriptomic profile of controls (CTRLs, n= 15),
prediabetes (PREDM, n= 15),, type-2 diabetes mellitus (DM-2, n = 15), and DN (n =
18) patients by microarray analysis to find new biomarkers, RT-PCR was used to
confirm gene biomarkers specific for DN.

Materials and methods. Blood samples were used to isolate RNA for microarray
ExXpression microamays evaluating 26,803 unique gene sequences and 30,606
LncRNA sequences, selected gene biomarkers for DN were validated using gPCR.
assays. Sensitivity, specificity, and area under the curve (AUC) were calculated as
measures of diagnostic accuracy.

Results. The DN transcriptome, founding here, were composed by 300 induced genes,
compared to CTRLs, PREDM, and DM-2 groups. RT-gPCR assays validated that
METLLZ2, PFKL , CCNE1 and CASF2 genes were induced in the DN group compared
1o CTRLs, PREDM, and DM-2 groups. The ROC analysis for these four genes showed
0.9719, 0.8853, 0.8533 and 0.7748 ALUC values respectively.

Conclusion. Among induced genes in the DN group, we found that CASP2, PFKL and
CCMNB1 can be used as potential biomarkers to diagnose DN, where, METLLZ2Z
represents the best with an ALIC=0.9719.
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Abstract: The knowledge of normal metabolite values for neonates is key to establishing robust
cut-off values to diagnose diseases, to predict the ocourrence of new diseases, to mondbor a neonate’s
metabolism, or o assess their general health status.  For full term-newboms, many reference
biochemical values are available for blood, serum, plasma and cerebrospinal fuid. However, there
Is a surprising lack of information about normal urine concentratbon values for a large number of
important metabolites in neonates. In the present work, we used targeted tandem mass spectrometry
(M5MMS)-based metabolomic assays to identify and quantify 136 metabolites of biomedical interest in
the wrine from 48 healthy, full-temm erm neonates, collected in the Arst 24 hoof life. In addition to
this experimental study, we performed a literature review {(covering the past eight vears and over
500 papers) to update the references values in the Human Metabolome Database/Urine Metabolome
Databage (HMDEUMDB) MNotably, 86 of the experimentally messured unnary metabolites are being
reported in neonatesfinfants for the first ime and another 20 metabolites are being reported in human
urine for the first Hme ever. Sex differences were found for 15 metabolites. The lkerature review
allowed us to identify another 78 urinary metabaolites with concentration data. As a result, reference
concentration values and ranges for 378 neonatal urinary metabolites are now publicly accessible via
the HMDB.

Keywords: newborn; metabolites; tandem mass spectrometry; inborn errors of metabolism;
reference values
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Research exploring the development and outcome of COVID-19 infections has led to the need to find
better diagnostic and prognostic biomarkers. This eross-sectional study used targeted metabolomics
to identify potential COVID-19 biomarkers that predicted the course of the iliness by assessing 110
endogenous plasma metabaolites from individeals admitted to a local hospital for diagnosisftreatment.
Patierts were classified inte four groups (=40 each) sccording to standard polymerase chain reaction
{PCR) COVID-19 testing and disease course: PCR-{eantrols (i.e., non-COVID contrals), PCR+nat-
hospitalized, PCR+/hospitalized, and PCR+/intubated. Blood samples were collected within 2 days

of sdrmizssion/PCR testing. Metabolite concentration data, demographic data and clinical data were
used to propose biomarkers and develop optimal regression models for the diagnosis and prognosis of
COVID-19. The area under the receiver operating characteristic curve (ALC; 95% CI) was used bo assess
each madels' predictive valve. A panel that included the kynurenine: tryptophan ratio, lysoPC a C26:0,
and pyruvic seid diseriminated non-COVID contrals from PCR+/not-hospitalized (AUC =0.947; 95% CI
0.931-0.962). A second panel consisting of C10:2, butyric acid, and pyruvie acid distinguished PCR+/
not-hospitalized from PCR+/hospitalized and PCR+/intubated (AUC= 0.975; 95% C1 0.968-0.983). Only
lysoPC a C28:0 differentiated PCR+/hospitalized from PCR+/intubated patients (AUC=0.770; 95% CI
0.736-0.803). If additional studies with targeted metabolomics confirm the diagnastic value of these
plasma biomarkers, such panels could evertually be of clinical use in medical practice.

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), Arst identified in China in December 2009,
is Tspnnsihh for the coronavirus disease outbreak (COVID-1970. One year after the panﬂ:mi: was declared, the
infection has caused nearly 2.5 million deaths worldwide®. In spite of significant efforts undertaken by govern-
‘ment and health authorities to contain the spread, the virus continues to wreak havoc around the world.

Since COVID-19 can lead 1o multi-organ dysiunction, disease severity is not only the result of pathogen
burden®, but also the consequence of the host's immune response to the intection. It is well known that viruses
hijack the host cell machinery for self-replication, as they compete for nutrients and other metabolites to satisfy
their bivenergetic and bicsynthetic requirernents. This metabolic hijacking can lead to an alteration of the bosts
metabolome?. In fact, 2 rumber of metabalic pathways have already been found to be consistenthy al'i.emdishl-
colysis, fatty acid synthesis, ghitaminclysis, pyrimidine metabolism, and tryptophan/kynurenine metabolism) in
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Immunometabolic signatures predict risk of
progression to sepsis in COVID-19
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Abstract

Viral sepsis has been proposed as an accurate term to describe all multisystemic dysregula-
tions and clinical findings in severe and critically ill COVID-18 patients. The adoption of this
term may help the implementation of more accurate strategies of early diagnosis, prognosis,
and in-hospital treatment. We accurately quantified 110 metabolites using targeted metabo-
lomics, and 13 cytokinesichemokines in plasma samples of 121 COVID-19 patients with dif-
ferent levels of severity, and 37 non-COVID-19 individuals. Analyses revealed an integrated
host-dependant dysregulation of inflammatory cytokines, neutrophil activation chemokines,
ghycolysis, mitochondrial metabolism, aming acid metabolism, polyamine synthesis, and
lipid metabolism typical of sepsis processes distinctive of a mild disease. Dysregulated
metabolites and cytokines/chemokines showed differential correlation pattems in mild and
critically ill patients, indicating a crosstalk between metabalism and hyperinflammation.
Using multivariate analysis, powerful models for diagnosis and prognosis of COVID-19
induced sepsis were generated, as well as for mortality prediction among septic patients. A
metabolite panel made of kynureninetryptophan ratio, IL-6, LysoPC a G18:2, and phenylal-
anine discriminated non-COWVID-19 from sepsis patients with an area under the curve (AUG
(95%:CI)) of 09091 (0.586-0.905), with sensitivity of 0.978 (0.963-0.902) and specificity of
0.920 (0.890-0.949). The panel that incleded C10:2, IL-6, MLR, and C5 discriminated mild
patients from sepsis patients with an AUC (85%(CI) of 0965 (0.952-0.977T), with sensifivity
of 0.993(0.984-1.000) and specificity of 0.851 (0.815-0.88T). The panel with citric acid,
Ly=oPC a C28:1, neutrophil-lymphocyte ratio (MLA) and kynurenineftryptophan ratio

provided the orginal ulhor and sounss ans L i . . .
p— discriminated severs patients from sepsis patients with an AUC (95%Cl) of 0.829
PLOS ONE | hittps-fidei a0, 1371 journal pone. 0256784 August 30, 2031 1024
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Abstract: Gestational diabetes mellitus (GDM) & one of the most frequent pregnancy complications
with potential adverse outcomes for mothers and newborns. Iis effects on the newborn appear
-dl.l.‘l'i.‘l'ls the nﬂmatalpeﬁnd m'em'ly childhood. Therefore, m\eﬂrly di.thn&i:- 15 crucal fo prevent
the development of chromic diseases Later in adult life. In this study, the urinary metabolome of
babies born to GOM mothers was characternzed. In total, 144 neonatal and maternal (second and
third trimesters of pregnancy) urinary samples were analyzed using targeted metabolomics, com-
bining liquid chromatographic mass spectrometry (LC-MS/MS) and flow injection analysis mass
spectrometry (FLA-MS/MS) techniques. We provide here the necnatal urinary concentration values
of 101 metabolites for 26 newborns born to GDM mothers and 22 newbomns bomn to healthy mothers.
The univariate analysis of these metabolites revealed statistical differences in 11 metabolites. Multi-
variate analyses revealed a differential metabolic profile in newborns of GDM mothers characterized
'by dysmgula.ﬁrm of aq,r]-:am.i.ti:lﬂ.. amino acids, and Po]:,ramirh: metabolism. Levels of }ﬂad.l:nermy‘lv
carnitine {C16:1) and spermine were also higher in newbomns of GDM mothers. The maternal urinary
metabolome revealed sip'uﬁ.mu'rt differences in bul:,'rit:, i.:-ubul:yri:.. and wuric acid in the second and
third trimesters of pregnancy. These metabalic alterations point to the impact of GOM n the necnatal

perind.

Keywords: newbomns; metabolomics; Seslalmﬂ.al diabetes; pregnancy

1. Introduction

Gestational diabetes mellitus (GDM), defined as hyperglveemba durng gestation [1],
is the most frequent medical complication in pregnancy, affecting 7-10% of all pregnancies
worldwide [2]. GDM has been associated with various adverse outeomes both in mothers
and newborns, Women with GDM are at higher risk of developing type 2 diabetes (T2D),
enainly 36 vears after delivery, and thelr offspring s also at higher sisk of becomlng ove-
weight and obese [3]. The metabolic abnormalities assocated with GDM include increased

Metabolites 2021, 1T, 713, hitps/ f doborg /105350, metaba 111 7S
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Abstract Dhfferences in clinical manifestations, immung rEsponse, metabolic alterations, and out-
COmes {:I.I'll:l.'l.ﬂLTlx dsease mtnl:)' and mm'talit}l! between men and women with COVIE-19 have
been n.-purl:d. simce the ]:undem.'ic outhreak, :I'I.'I:IJi.iTIS it necessary o i.mph:menl mer:.]:n:iﬁu: biomark-
ers for disease diagnesis and treatment. This study aimed to identify sex-associated differences in
COWID-19 p:ut'u:nl: I:l:,' mieans of a gl.-n:tic a]snriﬂtm IGALGCY and m.nn:h.'i.ne]l:m'ning,, rmp]uymg
support vector machine (SVM) and In-ﬁi.ﬂ:u: n.-ﬂrmim [LE) for the data ma]}':is. Baoth a]Euriﬂn'rui
identified kynurenine and hemoglobin as the most important variables to distinguish betwesn men
and women with COWVID-19. LE and SV identified Clk], vnnuEh, and ]:,r:u'PC a 140 b dliscrimanabe
betwesn men with OOVID-19 from men without, with th'bd.ng'lhzbsl model. In the case of women
with COWID-19 v=. women without, SV had ahiEI'u:r ]:!cd'nman.n:e-,and both models identified a
higher number of variables, inchading 10:2, lysolPC a C26d4), hysoPC a C28:0, alpha-ketoglutaric acid,
lactic acid, mug;h. Fever, anosm, and dmj;::una Char resulis demionstrate that differences in sexes
have u'rlPlimﬁrms in the dia.snmi:- and outcome of the disease. Further, Eﬂ'h!ﬁ.' and machine hamms
algorithms are useful tools to predict sex-associated differences in COVID-19.

Keywords: COVID-1%; sex; machine ]I:ﬂ.TI'Ii.ﬂB; meetabolomics

1. Introduction

Sex differences in manifestations of viral infections have been observed for multiple
respiratory viFuses [1.2] whese men have shown higher disease severilty and mortality
compared with women, including SARS-CoV [3], MERS-CoV [4], the HIN] pandemic [5],

Diagmestics J021, 11, 1197, hitps:/ fdalorg/ 10,3390/ diagnostics1 1122197
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Obtener el perfil metabdlomico y transcriptémico de sujetos con prediabetes,
diabetes mellitus tipo 2, DM2 con nefropatia diabética y controles sanos

Identificar  los  metabolitos v
asociados a nefropatia diabética

genes diferencialmente  expresados

Identificar los metabolitos y genes diferencialmente expresados que puedan
utilizarse como potenciales biomarcadores de dafio renal temprano.
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Figura 1. Andlisis de componentes principales de los metabolltos. S=controles, om2=
Diabotes Mellitus ipo 2, ND= Nefropatia Diabética.
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