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Abstract. MicroRNAs (miRNAs) may be considered impor-
tant regulators of risk for type 2 diabetes (T2D). The aim of
the present study was to identify novel sets of miRNAs associ-
ated with T2D risk, as well as their gene and pathway targets.
Circulating miRNAs (n=59) were measured in plasma from
participants in a previously completed clinical trial (n=82).
An agnostic statistical approach was applied to identify novel
sets of miRNAs with optimal co-expression patterns. In silico
analyses were used to identify the messenger RNA and biolog-
ical pathway targets of the miRNAs within each factor. A total
of three factors of miRNAs were identified, containing 18,
seven and two miRNAs each. Eight biological pathways were
revealed to contain genes targeted by the miRNAs in all three
factors, 38 pathways contained genes targeted by the miRNAs
in two factors, and 55, 18 and two pathways were targeted by
the miRNAs in a single factor, respectively (all g<0.05). The
pathways containing genes targeted by miRNAs in the largest
factor shared a common theme of biological processes related
to metabolism and inflammation. By contrast, the pathways
containing genes targeted by miRNAs in the second largest
factor were related to endocrine function and hormone activity.
The present study focused on the pathways uniquely targeted
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by each factor of miRNAs in order to identify unique mecha-
nisms that may be associated with a subset of individuals.
Further exploration of the genes and pathways related to these
biological themes may provide insights about the subtypes of
T2D and lead to the identification of novel therapeutic targets.

Introduction

Type 2 diabetes (T2D) affects >30 million individuals in the
United States and its treatment costs $245 billion annually.
Individuals diagnosed with T2D experience numerous severe
complications, such as cardiovascular diseases, retinopathy
and renal disease (1). One of the primary challenges to prevent
and treat T2D is its multifactorial etiology (2). Several genetic
risk factors for T2D have been reported (3), including modi-
fiable lifestyle and behavioral characteristics (4). Previous
studies have identified various T2D subtypes with unique
clinical characteristics (5-8). Although some differences exist
in these subtypes among different racial and ethnic groups, the
majority of characteristics are similar across groups, with the
main difference being the prevalence of a subtype within each
group (6,7). Ancestral genetic risk may be associated with the
prevalence of these subtypes; however, the impact of environ-
mental (e.g., lifestyle/behavioral) factors is well established.
The increasing importance of the presence of T2D subtypes
and the contribution of gene-environment interactions to
T2D risk within the subtypes has led to interest in identifying
and characterizing biomarkers that can reflect these complex
relationships (9). Biomarkers that can characterize these rela-
tionships could present important implications for early risk
detection before the onset of impaired fasting glucose (IFG) or
T2D in order to prevent major complications and morbidities.

MicroRNAs (miRNAs/miRs) are short (18-26 nucleotides)
regulatory elements that function during the translation of
messenger RNAs (mMRNAs) to amino acids. As miRNAs
function by regulating gene expression, they regulate the
underlying genetic risk factors for diseases as well as responses
to the environment, including individual behaviors (10,11).
Circulating miRNAs found in the serum and plasma are easily
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measured in blood, and are potential risk biomarkers for the
development of T2D (12,13), thereby exhibiting changes in
their expression levels before the onset of T2D (14,15). Some
circulating miRNAs may reflect the underlying physiological
changes that are common across the subtypes of T2D, whereas
others may provide information about the mechanisms that
are unique to individual subtypes, based on both genetic
predisposition and environmental factors.

miRNAs coregulate mRNAs using a combined approach
that influences the sets of genes that operate in biological
pathways (16). This indicates that coordinated changes in the
expression of individual miRNAs would be associated with
changes in their mRNAs and biological pathway targets to
achieve a coherent impact on biological processes. A previous
study on miRNAs related to T2D risk have mainly focused
on single or a few candidate miRNAs (17). Furthermore, a
previous study used an agnostic approach to identify individual
miRNAs associated with IFG to define biomarkers that could
identify the individuals at high risk of developing T2D (18);
however, the study primarily focused on the associations
between individual miRNAs and known clinical risk factors
[e.g., fasting blood glucose (FBG) levels and hemoglobin
Alc (HbAlIc) levels], as well as the predicted mRNA targets
located within pathways known to be associated with T2D
risk (e.g., ‘“Type II diabetes mellitus’ and ‘Insulin signaling
pathway’).

The present study aimed to determine whether miRNAs
can characterize individuals at risk for T2D into subgroups and
whether any common mechanisms persist, inferred by genes
and pathways targeted by miRNAs, both across and within
the subgroups. The present study intended to build upon the
results from previous studies by leveraging agnostic statistical
approaches to determine the optimal sets of miRNAs based on
their co-expression and to identify the common pathways that
are responsible for T2D risk; in addition, the study aimed to
elucidate the potential subsets of pathways that may be associ-
ated with the observed subtypes of T2D based on combined
genetic and environmental risk factors. The overall goal of
this research was early identification of T2D risk, as well as
more refined detection of risk profiles, which could lead to the
optimization of treatment strategies based on the improved
understanding of underlying mechanisms within the subgroups.

Materials and methods

Study sample. The study sample included a subset of partici-
pants from the previously completed Practicing Restorative
Yoga versus Stretching for the Metabolic Syndrome
(PRYSMS) clinical trial (identifier NCT01024816; clinical-
trials.gov), which compared the effects of restorative yoga
with those of active stretching on FBG in overweight adults
at risk of T2D (19). Participants in the PRYSMS study were
recruited from the San Francisco and San Diego areas, and
met the International Diabetes Federation criteria for meta-
bolic syndrome (20). The present study included a subset of
participants with stored plasma specimens from the baseline
visit with availability of at least two additional follow-up
timepoints (n=82). Exclusion criteria of the PRYSMS trial
included FBG level =126 mg/dl; HbAlc level =7.0%; fasting
triglyceride level =300 mg/dl; weight =400 Ib; neurological

conditions that limited mobility; hospitalization for coronary
heart disease within the past 6 months; current pregnancy or
lactation; history of bariatric surgery; substance abuse; and use
of medications affecting metabolic factors. Demographic and
lifestyle characteristics, and medical history were collected by
trained study personnel at the baseline visit.

Clinical data were collected at baseline, and at 3, 6,9 and
12 months from the baseline. Participant weight and height
were measured on a standard balance beam scale and stadiom-
eter, respectively. Waist circumference was measured using a
Gullick II tape spring-tension measure at the site of maximum
circumference midway between the lower ribs and the anterior
superior iliac spine. The mean of two waist circumference
measurements was calculated. Body mass index (BMI) was
calculated as weight in kilograms divided by height in meters
squared.

FBG was measured using an automated analyzer with an
immobilized enzyme biosensor (YSI 2300 STAT Plus; YSI
Life Sciences). The levels of total cholesterol, triglycerides and
high-density lipoprotein (HDL)-cholesterol were measured
using enzymatic calorimetric methods (Quest Diagnostics),
and low-density lipoprotein (LDL)-cholesterol levels were
calculated using the Friedewald equation (21). All participants
completed a 2-h oral glucose tolerance test. Blood used for
plasma banking was collected by venipuncture into vacu-
tainers containing the preservative EDTA, centrifuged at 4°C
for 30,000 x g minutes to separate plasma from the cellular
blood components, and was stored at -80°C.

Molecular data collection. The Firefly Bioworks Multiplex
Circulating MicroRNA Assay (Abcam) was used for direct
quantification of miRNAs from the plasma samples according
to the manufacturer's protocol. After 25 ul participant plasma
was resuspended in 25 pl hybridization buffer, miRNAs were
hybridized to complementary oligonucleotides covalently
attached to the encoded hydrogel microparticles. The bound
target was ligated to the oligonucleotide adapter sequences
that serve as universal PCR priming sites. Thereafter, reverse
transcription PCR was performed using a fluorescent forward
primer from the proprietary FirePlex miRNA Core Reagent
Kit. The thermocycling conditions were as follows: One cycle
at 93°C for 15 sec; followed by 32 cycles of 93°C for 5 sec,
57°C for 30 sec and 68°C for 60 sec. Subsequently, 1 cycle at
68°C for 5 min and 1 cycle at 94°C for 4 min was performed,
after which 1 cycle at 4°C was maintained until the assay
was complete. Once amplified, the fluorescent target was
rehybridized to the original capture particles and scanned
on a Guava 6HT flow cytometer (Merck KGaA). Expression
levels of 59 miRNAs were measured from the plasma speci-
mens collected at each of the five time points from a subset of
86 participants of the PRYSMS trial. The selection of these
59 miRNAs was based on a previous discovery analysis from
a broader set of 402 miRNAs from an independent subset of
participants from the PRYSMS trial (13). The samples were
not previously thawed. All miRNAs and sample wells included
in the assay passed the quality control criteria.

Statistical analysis. The expression of individual miRNAs
was normalized using a set of miRNA probes (i.e., hsa-
miR-92a-3p, hsa-mir-93-5p, hsa-miR-17-5p) identified
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by the geNorm algorithm for this experiment (22) using
Fireplex Analysis Workbench software (https://www.abcam.
com/kits/fireplex-analysis-workbench-software). All included
miRNA targets passed the quality control check and were
retained in the analysis.

Data were summarized using descriptive statistics (means
and standard deviations for continuous variables, and counts
and percentages for categorical variables). Missing values for
FBG were imputed using the mean FBG level for an individual
participant. An agnostic approach was applied to detect rela-
tionships between miRNAs based on observed expression
levels in the present study compared with a priori hypotheses.
A factor analysis was performed using a Varimax rotation on
the covariance matrix to identify miRNAs that were related
to baseline FBG level, final (12-month) FBG level and change
in FBG levels. Eigenvalues >1 were the criteria for selecting
important factors and miRNAs with values >0.6 were included
in these factors.

Pathway analysis. An overrepresentation pathway analysis
was performed for each factor of co-expressed miRNAs
using the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database (June 2011 update) (23). Human miRNA
data from three available regions (i.e., S'untranslated, coding
sequences and 3'untranslated) were downloaded from the
miRWalk database (24) and merged into a single file. The
inclusion criterion to identify mRNA targets was set to 1.0 for
the binding probability score. The predicted mRNA targets
were extracted for each miRNA included within the factors.
Identified genes were then filtered to retain only one unique
entry per targeted gene and Entrez IDs were determined
using the Homo.sapiens v1.3.1 package (https://biocon-
ductor.org/packages/Homo.sapiens/). These IDs were used
to assess the overrepresentation within pathways using the
ClusterProfiler package (version 3.16.1; https://bioconductor.
org/packages/clusterProfiler/) and KEGG database. The
default gene set background selected by ClusterProfiler was
applied. Multiple comparisons were addressed by estimating
the false discovery rate (25). The pathways within each
factor were ranked by g-value. The Accelerating Medicines
Partnership database was explored using the T2D phenotype
to identify genes that revealed statistical associations with
T2D in genome-wide association studies (GWAS) (26). These
genes were cross-referenced with the genes present within the
top 10 KEGG pathways (q<0.05) identified as targets of the
miRNAs within each factor.

In silico target gene identification. Using the miRWalk data-
base (24), nRNAs were identified that are predicted targets of
the miRNAs included in each factor. Thereafter, two lists (i.e.,
intersection of overlapping mRNAs and union of all mRNAs)
of mRNA targets for each factor were generated. The Common
Metabolic Diseases portal was used to cross-reference the
mRNAs identified by the miRWalk database that were also
associated with T2D in GWAS (26). In addition, a literature
review was performed to assess the previously observed asso-
ciations between identified mRNA targets for the miRNAs
within the smallest identified factor and fourteen terms (i.e.,
endocrine, diabetes, glucose, glycemic impairment, fasting
glucose, gestational diabetes, insulin, B-cells, pancreatic
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Table I. Demographic information concerning patients (n=82)
and clinical results determined from samples.

Characteristic Value
Age, years 55+7
Male sex 27 (22)
Completed college 66 (54)
Race
Asian 13 (11)
Black 5(4)
Latinx 10 (8)
Caucasian 70 (57)
Other/Mixed 2(2)
Glucose (plasma), mg/dl 104+13
Total cholesterol, mg/dl 206+39
Triglycerides, mg/dl 167163
LDL-cholesterol, mg/dl 125+35
HDL-cholesterol, mg/dl 49+11
Waist circumference, cm 110+13
Body mass index, kg/m? 35172
Systolic blood pressure, mmHg 12415
Diastolic blood pressure, mmHg 7248

Data are presented as % (n) or mean + standard deviation. HDL, high-
density lipoprotein; LDL, low-density lipoprotein.

[-cells, pancreas, overweight, obesity, adipose tissue, metabolic
syndrome and heart disease) related to T2D risk.

Results

Demographic and clinical characteristics of the samples are
summarized in Table I (13). The mean age of the patients was
55+7 years and the majority of patients were women (n=60;
73%) who were Caucasian (n=57; 70%). The patients presented
with prediabetes and an average FBG level of 104+13 mg/dl.
The change in FBG level after 12 months was -1+26 mg/dl.

In total, 59 miRNAs were included in the assay; of these,
27 belonged to the identified factors (Fig. 1). The largest (‘red’),
second largest (‘blue’) and smallest (‘green’) factors comprised
17, seven and two miRNAs, respectively (Table II). The three
factors with eigenvalues >1 explained 45% of the total vari-
ability in miRNA expression. The red, blue and green factors
explained 30, 10 and 5% of miRNA variability, respectively.

Pathway analysis of the genes targeted by the miRNA-based
factors revealed that 99, 59 and 17 KEGG pathways were
targeted by the miRNAs in the red, blue and green factors,
respectively (q<0.05 for all; Table SI). When the KEGG path-
ways were ranked on the basis of g-values within each factor,
eight pathways were targeted by the miRNAs in all three
factors, and 38 were targeted by the miRNAs in two factors
(Fig. 2). In total, 26 pathways were included by focusing on
the top 10 most differentially perturbed pathways ranked by
g-value in each factor (Fig. 3). The miRNAs in the red factor
targeted seven unique pathways, including those with known
relationships with the risk of T2D (e.g., ‘AGE-R AGE signaling


https://www.spandidos-publications.com/10.3892/mmr.2022.12672

4 FLOWERS et al: microRNAs, GENES, PATHWAYS AND TYPE 2 DIABETES

1.0

0.5

Component 2
o
o
r

0.0

Component 1

0.5

v v
vv
N O
s \'
O
R

0
05 -

00
onent

0.
1.0 10 Cor®

Figure 1. MicroRNA factors. Clusters of data points represent each of the three factors. Circles, red factor; triangles, blue factor; squares, green factor. The
three components (i.e., 1, 2, 3) are distinct latent variables that represent patterns of correlation in the data.

pathway’ in diabetic complications, insulin resistance, glucagon
signaling pathway, and lipid and atherosclerosis) (Table III).
The miRNAs in the blue factor targeted two unique pathways
that were related to endocrine and hormone activity: GnRH
signaling and thyroid hormone synthesis (Table III).

Moreover, 17,958 total mRNA targets were identified for all
miRNAs included in the three factors from the miRWalk tool.
The 18, seven and two miRNAs from the red, blue, and green
factors were predicted to target 17,728, 6,283 and 2,905 genes
in total, respectively.

In total, 559 loci in 438 genes that are significantly associated
with T2D in GWAS were identified from the Common Metabolic
Diseases portal (26). These 438 genes were cross-referenced
with those located in the KEGG pathways and comprised statis-
tically significant gene targets of the miRNAs in each factor.
The miRNAs in the red, blue and green factors targeted a total
of 3,885, 1,015 and 252 genes in 99, 59 and 17 pathways, respec-
tively; of these, 113 (2.9%), 52 (5.1%) and 18 (7.1%) from the red,
blue and green factors were associated with T2D, respectively
(Table SII). Within the top 10 targeted pathways ranked on the
basis of g-value, the proportion of these genes in the red, blue
and green factors increased to 4.9% (51 genes), 6.2% (23 genes)
and 8.5% (15 genes), respectively.

A total of 192 genes were identified that represent the inter-
section of the predicted mRNA targets of the two miRNAs
contained within the green factor (miR-16 and miR-342).
A literature review on these predicted mRNAs along with
15 terms associated with T2D risk revealed that three, one,
three, five and six genes were reported in association with
eight, seven, six, five and four search terms related to T2D,
respectively (Fig. 4). Other genes from this set of mRNA

targets were associated with <4 terms. None of these 192 genes
were located within the top 10 KEGG pathways targeted by
miR-16 and miR-342.

Discussion

MicroRNAs coregulate their mRNA targets to perform coor-
dinated regulation of biological processes (16); therefore, it
was hypothesized that miRNAs with overlapping functions
could be grouped based on associated expression levels. The
present study used an agnostic, data-driven statistical approach
to identify the co-expression patterns of circulating miRNAs,
which resulted in the identification of three distinct factors.
Furthermore, an in silico approach was used to identify the
individual genes and biological pathways that were targeted
by the miRNAs within each factor, and assessed them for
overlap, common themes and concordance with the results
from previous GWAS.

While pathway annotations provide a framework to infer
the involvement of physiological processes, their interpreta-
tions are challenging. For example, the pathways in the KEGG
database are assigned names based on their initial characteriza-
tion (e.g., a cancer model); however, some pathways may serve
a crucial role in the pathogenesis of diseases and conditions
other than the one for which they were initially named, and
these misnomers can obfuscate biologically related processes
when hypothesis-driven approaches are applied. Considering
the variable etiology of T2D, agnostic approaches to identify
the underlying mechanisms may provide novel insights into
the interactions between multiple risk factors and disease
development.
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Table II. miRNAs comprising each factor.

Factor loading values

miRNA Red Blue Green
let-7-5p 0.897

miR-126-3p 0.749

miR-126-5p 0.797

miR-130b-3p 0.881

miR-151a-3p 0.938

miR-151a-5p 0.957

miR-151b 0919

miR-186-5p 0.878

miR-197-3p 0.895

miR-221-3p 0.950

miR-23a-3p 0.774

miR-24-3p 0.977

miR-27a-3p 0.946

miR-29b-3p 0.828

miR-320c 0.640

miR-323a-3p 0.610

miR-326 0.953

miR-330-3p 0.737

miR-342-3p 0.917
miR-374b-5p 0.788

miR-379-5p

miR-424-5p 0.892

miR-425-3p 0.838

miR-652-3p 0914

miR-98-5p 0.862

miR-15b-5p 0.866

miR-16-5p 0.700

Factor loading values were determined by factor analysis using a
Varimax rotation. miR/miRNA, microRNA.

In the present study, the red factor could be renamed
as the metabolism and inflammation factor, as it targeted
pathways related to insulin and glucose metabolism, and
inflammation/immune function. Some pathways, such as the
AGE-RAGE signaling pathway in diabetic complications,
insulin resistance, glucagon signaling pathway, and lipid
and atherosclerosis, are linked to T2D. The functions of the
other pathways targeted by the miRNAs in the red factor
may plausibly be involved in the etiology of T2D, despite
the names lacking a clear association with T2D. Notably, the
endocytosis pathway has been reported to contribute to auto-
immune activity (23), and the human T-cell leukemia virus 1
infection pathway may contribute to immune activity as well
as inflammation (23). Furthermore, the adrenergic signaling
in cardiomyocytes pathway has been shown to serve a pivotal
role in stimulating the sympathetic nervous system, thereby
causing increased inflammation (23). Both immune function
and inflammation are related to insulin sensitivity and other
processes that are responsible for T2D risk (27).
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The blue factor could be renamed as the endocrine-hormone
factor, as it comprised miRNAs that uniquely target two KEGG
pathways associated with endocrine function. The GnRH
signaling pathway represents the release of sex hormones from
the hypothalamus to the pituitary gland. (23) A previous animal
model study identified seven genes located in the ‘Type II
diabetes’ KEGG pathway that were downregulated in associa-
tion with high GnRH release, which suggests a plausible role
for this pathway in the development of T2D (28). The thyroid
hormone synthesis pathway produces triiodothyronine and
thyroxine, which are essential for metabolic homeostasis (23).
Thyroid disease is more prevalent in individuals with T2D
compared with in individuals with normal glucose tolerance,
and thyroid hormones help to regulate glucose absorption,
insulin secretion and glycogen metabolism (29). Collectively,
the pathways targeted by the endocrine factor may contribute
to the overall pathophysiology of T2D.

As the green factor did not uniquely target any pathways, an
alternative name was not suggested. A total of 192 genes were
identified that were targeted by one or both of the miRNAs
in the green factor (i.e., miR-16 and miR-342); furthermore,
several of these 192 genes have previously been associated
with T2D and related conditions. The associations between
the most commonly identified genes and the search terms
can be categorized into discrete aspects of T2D risk. Three
genes were primarily associated with terms related to glucose
and diabetes. These included adenylate cyclase 5 (ADCYYS),
which has been reported to be associated with T2D and
fasting blood glucose in GWAS (30), and nicotinamide
phosphoribosyltransferase, which has been shown to be inde-
pendently associated with T2D after controlling for obesity
and insulin sensitivity, and may be more related to glucose
control (31). Polymorphisms in the potassium voltage-gated
channel subfamily B member 1 may be associated with insulin
resistance (32), the protein coded by tea shirt zinc finger
homeobox 1 regulates (3-cell maturation (33), and alleles in
JAZ zinc finger 1 reveal differential transcription specifically
in the pancreatic tissue (34). Clearly linked to lipid metabo-
lism, numerous polymorphisms in LDL receptor protein 5
are associated with obesity and body composition (35,36).
Moreover, an overlap has been observed between these catego-
ries (i.e., glucose control, insulin sensitivity and obesity), and
several of these genes presumably exhibit coordinated func-
tions involving multiple mechanisms. For example, ADCY?5 is
associated with T2D, as well as with BMI and obesity (37,38).
Some of the genes associated with numerous search terms may
appear frequently, as they are related to fundamental cellular
processes as opposed to mechanisms unique to T2D risk. Two
examples include mitogen-activated protein kinase 9, which
is involved in numerous cellular processes (e.g., proliferation,
differentiation, transcription regulation) and cell division
cycle 4, which regulates signaling pathways to control multiple
cellular functions (e.g., morphology, migration, endocytosis,
cell cycle progression) (39).

Some pathways targeted by miRNAs in multiple factors
may serve physiological roles that are common across multiple
subtypes of T2D. The longevity regulating pathway and
longevity regulating pathway-multiple species were targeted
by the miRNAs in all three factors and two factors, respec-
tively. Aging is a major risk factor for B-cell dysfunction and
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Blue Red

Green

Figure 2. Venn diagram showing KEGG pathways by miRNAs. The color of the circle represents the corresponding miRNA factor. The number within each
section is the number of KEGG pathways targeted by miRNAs within each factor or a combination of factors at q<0.05. KEGG, Kyoto Encyclopedia of Genes
and Genomes; miRNA, microRNA.

Comparison of Top (qvalue<0.05) KEGG Pathways between miR factors

Longevity regulating pathway 1 ® ° o
Autophagy-animal - [ ] )
Endocrine resistance 1 (] ]
Signaling pathways regulating pluripotency of stem cells 1 [ [ ]
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(1162) (2513) (7111)

Figure 3. Ranked KEGG pathways by clusters of miRNAs. Up to 10 pathways that were significant (q<0.05) targets of the miRNAs contained within a single
factor are shown. Pathways targeted by more than one factor are signified by dots that occur on the same horizontal line. The size of the dot represents the
number of genes within the pathway that are predicted targets of the miRNAs within a given factor relative to the total number of genes included in the
analyses. The total number of gene targets for each factor is shown in parentheses on the X-axis. The color of the dot shows the magnitude of the false discovery
rate-adjusted P-value. KEGG, Kyoto Encyclopedia of Genes and Genomes; miRNA/miR, microRNA.
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Table III. Kyoto Encyclopedia of Genes and Genomes path-
way* by factor.

Pathway Percentage®
Metabolism and inflammation (red)
AGE-RAGE signaling pathway in diabetic 8.1
complications
Endocytosis 42
Human T-cell leukemia virus 1 infection 124
Insulin resistance 6.6
Glucagon signaling pathway 7.6
Lipid and atherosclerosis 39
Adrenergic signaling in cardiomyocytes 6.9
Endocrine-hormone (blue)
GnRH signaling pathway 42
Thyroid hormone synthesis 2.6

“Pathways included reflect only the pathways that were uniquely
targeted by the microRNAs within just one factor; *percentages of
genes within a given pathway that have known associations with
type 2 diabetes from genome-wide association studies.

T2D (40); notably, caloric restriction is one of the only known
interventions to increase lifespan (41). Animal model studies
have provided evidence that caloric restriction improves
[-cell function and decreases insulin resistance (42,43). These
longevity pathways are involved in the responses triggered
by caloric restriction, including improved cellular fitness and
inflammation suppression (23). Autophagy is an important
aspect used to protect B-cells from oxidative stress, and the
resulting dysfunction associated with insulin resistance and
progression to T2D (44); moreover, the autophagy-animal
pathway was targeted by the miRNAs within two factors in
the present study. Further studies are required to determine
whether perturbation of this pathway is a precursor to, or
consequence of T2D, as autophagy is also related to adipocyte
function and obesity-related inflammation that can lead to
T2D (44). Autophagy is strongly related to aging, and further
research is required to determine whether any interactions
exist between the autophagy and longevity pathways, and
T2D risk. The mechanisms represented by these pathways are
not unique to a single aspect of T2D risk, but may be broadly
fundamental to maintaining healthy homeostasis overall.
Based on the pathway analysis, the present study
cross-referenced whether genes present within the pathways
targeted by the combination of miRNAs in each factor had
been identified by GWAS focused on T2D. A limitation of
GWAS findings is that complex physiological processes that
require coordinated activity of multiple gene products are not
necessarily characterized; however, genetic polymorphisms
that result in functional changes have the potential to alter
these physiological processes, and therefore parallels between
genetic associations with T2D and transcriptomic and biolog-
ical pathway associations with T2D may be identified. The
present study identified numerous genes within the targeted
pathways that have also been discovered in GWAS focused
on T2D, providing more evidence for a potential putative role
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of these genes in T2D risk. In addition, this layered approach
provides evidence to prioritize findings from GWAS for func-
tional validation studies.

Several risk factors for T2D are important for the etiology
of other complex diseases (e.g., coronary heart disease,
stroke). For example, the atherogenic dyslipdemia profile,
which is characterized by low HDL and elevated triglycerides,
is indicative of insulin resistance that is associated risk for
T2D (45). This dyslipdemia risk profile is also associated with
increased risk for both coronary heart disease and stroke (45).
Hypertension, one of the most significant risk factors for
coronary artery disease and stroke, also frequently co-occurs
with T2D (45). Potential clinical applications of miRNAs as
biomarkers extend beyond T2D (46), and the findings from
this study may have implications for these related conditions.
Additional studies focusing on these outcomes in addition
to T2D may elucidate potential mechanisms that result from
the overlap in risk factors, with the potential to differentiate
similarities and differences in the underlying risk profiles and
potential new therapeutic targets (47).

The present study identified three factors of miRNAs,
defined by their associated expression levels, with common
themes within their biological pathways and predicted mRNA
targets. Some of these targets are known to be associated with
the pathophysiology of T2D, whereas others may reveal new
mechanisms that underlie the complex interactions among
T2D risk factors. Subsets of these miRNA factors, and their
targeted genes and pathways, may be discretely associated
with recently described subtypes of T2D. A potential limita-
tion of the present study was the focus on the KEGG database
for pathway annotation, in particular high-quality annotations
(i.e., those with the most rigorous level of evidence). Additional
pathway annotation databases are available, and future studies
may consider overlapping evidence from multiple databases.
Functional validation of the observed relationships is also
required to determine causal relationships between miRNAs
and their targets. We previously performed a discovery
analysis using an independent sample of participants from
the PRYSMS trial that measured the subset of reliably detect-
able circulating miRNAs, thus revealing the selection of the
59 miRNAs included in the design of the custom assay used
in the present study (13). Additional miRNAs not included in
this assay may be relevant for T2D risk. Future studies that are
designed to include a larger number of miRNAs may identify
additional miRNAs that are relevant to the three factors iden-
tified in the present study or that define an additional novel
factor(s). Additionally, a possible bias exists in the findings
from the literature review because genes with a known asso-
ciation with T2D risk are more likely to be studied, whereas
genes with little known information about their function may
be less commonly reported. In addition to replication and
functional analyses, another important future direction is to
identify the subgroups of individuals with similar patterns
of expression of miRNAs and the miRNA-derived factors to
determine any associations with the observed subgroups of
T2D that present specific clinical characteristics (5-8). The
long-term implications include improved understanding of the
specific mechanisms that underlie T2D risk within subtypes
based on their overall risk profile and interactions between the
risk factors.
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NAMPT X X X X X X X
JAZF1 X X X X X
MCU X X X X X X
SLC28A1 X X X X X
ADAMTS5 X X X X X
CDC42 X X X X X
DGAT1 X X X X X
MEF2D X X X X X
VWF X X X X X
ASPH X X X X
CACNA1E X X X
LINGO2 X X X X
MFN2 X X X X
SOX5 X X X
TSHZ1 X X X X

Figure 4. Predicted gene targets associated with diabetes and related conditions. Columns show search terms. Rows show gene names.
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