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A B S T R A C T   

Circulating plasma miRNAs have emerged as potential early predictors of glucometabolic disorders. However, 
their biomarker potential remains unvalidated in populations with diverse genetic backgrounds, races, and 
ethnicities. This study aims to validate the biomarker potential of plasma miR-9, miR-29a, miR-192, and miR-375 
for early detection of prediabetes and type 2 diabetes mellitus (T2DM) in Nepali populations that represent 
distinct genetic backgrounds, races, and ethnicities. A total of 46 adults, categorized into healthy controls (n =
25), prediabetes (n = 9), and T2DM (n = 12) groups, were enrolled. Baseline sociodemographic, anthropometric, 
and clinical characteristics were collected. Fold change in plasma expression of all four miRNAs was quantified 
using RT-qPCR against the RNU6B reference gene. Their biomarker potential was determined by receiver 
operating characteristic (ROC) curve analysis. Multivariate discriminant function and hierarchical cluster ana
lyses were used to evaluate the effectiveness of the miRNA panel in reclassifying study participants who were 
initially categorized according to their glucose tolerance status. Plasma expression of all four miRNAs was 
significantly upregulated in T2DM patients compared to normoglycemic controls. Furthermore, the expression of 
only miR-29a and miR-375 was upregulated in T2DM patients than in prediabetic individuals. Notably, only 
miR-192 expression was significantly upregulated in prediabetic individuals than in the normoglycemic controls. 
The miRNA expression profiles had the potential of reclassifying the participants into three original groups with 
an accuracy of 69.6 %. ROC curve analysis identified miR-192 as the predictor for both prediabetes and T2DM, 
while miR-9, miR-29a, miR-192, and miR-375 were predictive only for T2DM. The specific set of miRNA com
binations significantly improved their predictive accuracy. This study validates the early predictive biomarker 
potential of plasma miR-9, miR-29a, miR-192, and miR-375 also in the Nepali population and paves the way for 
future translational studies to validate their utility in clinical laboratories.   

1. Introduction 

Prediabetes and type 2 diabetes mellitus (T2DM) represent a spec
trum of glucometabolic disorders associated with various abnormalities 
in glucose metabolism. These conditions are associated with insulin 
resistance and/or impaired insulin secretion, which results in persistent 
hyperglycemia and associated acute and chronic complications [1]. 
T2DM is a major global health problem, as it affects more than 400 
million people worldwide, with a higher prevalence and earlier onset in 

Nepali and other South Asian populations [2,3]. It is often preceded by 
an intermediate state of hyperglycemia called prediabetes, which in
creases the risk of developing T2DM and cardiovascular diseases [4]. 
Early detection and intervention of prediabetes can prevent or delay the 
progression to T2DM and reduce the burden of morbidity and mortality. 
However, current diagnostic markers, such as fasting glucose and gly
cated hemoglobin (HbA1c), have limited sensitivity and specificity for 
identifying individuals at high risk of developing T2DM, especially in its 
early stages [5]. Therefore, there is an urgent need to discover and 
validate novel biomarkers that can accurately predict or detect the early 

* Corresponding author. Department of Biochemistry, Manipal College of Medical Sciences, Pokhara-16, Kaski, Nepal. 
E-mail address: drpokhare09@gmail.com (D.R. Pokharel).  

Contents lists available at ScienceDirect 

Non-coding RNA Research 

journal homepage: www.keaipublishing.com/en/journals/non-coding-rna-research 

https://doi.org/10.1016/j.ncrna.2024.07.001 
Received 28 March 2024; Received in revised form 22 June 2024; Accepted 8 July 2024   

mailto:drpokhare09@gmail.com
www.sciencedirect.com/science/journal/24680540
http://www.keaipublishing.com/en/journals/non-coding-rna-research
https://doi.org/10.1016/j.ncrna.2024.07.001
https://doi.org/10.1016/j.ncrna.2024.07.001
https://doi.org/10.1016/j.ncrna.2024.07.001
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ncrna.2024.07.001&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


Non-coding RNA Research 9 (2024) 1324–1332

1325

onset and progression of prediabetes and T2DM. 
MiRNAs are a class of small noncoding RNAs that regulate gene 

expression at the posttranscriptional level by binding to the 3’ un
translated regions of target messenger RNAs. They are involved in 
various biological processes, such as cell differentiation, proliferation, 
apoptosis, metabolism, and inflammation [6]. Recently, several miRNAs 
(e.g., let-7, miR-9, miR-29a, miR-124, miR-126, miR-143, miR-155, 
miR-192, miR-375, and miR-378) have been shown to regulate the 
basic biology and metabolic functions of the pancreas, liver, adipose 
tissue, and skeletal muscle and the pathogenesis of T2DM [7,8]. In 
addition to their usual site of expression, miRNAs are also released into 
extracellular fluids, such as plasma, where they are protected from 
degradation by binding to proteins or being encapsulated in vesicles [9]. 
Circulating miRNAs have emerged as promising biomarkers for various 
diseases, including prediabetes and T2DM, as they reflect the physio
logical and pathological conditions of the tissues from which they 
originate [10]. 

Several studies have shown that circulating plasma miRNAs are 
dysregulated in patients with T2DM compared to healthy controls, 
suggesting their potential role in the pathogenesis and diagnosis of 
T2DM [11]. For example, the expression profiles of miR-9, miR-29a, 
miR-192, and miR-375, which are involved in the regulation of insulin 
secretion, glucose metabolism, and inflammation, are shown to be 
altered in plasma samples from prediabetic and T2DM patients [12]. 
However, their expression levels and potential for early detection of 
prediabetes and T2DM patients have been shown to vary with popula
tion characteristics, such as ethnicity, genetic background, environ
mental factors, and comorbidities [13,14]. Therefore, it is important to 
clinically validate these findings from different external populations and 
to establish our population-specific diagnostic measures for these 
circulating miRNAs. 

The expression profiles and biomarker potential of circulating miR
NAs for glucometabolic disorders have not yet been explored in the 
Nepali population. The population of Nepal is a heterogeneous group of 
people with diverse ethnicities, cultures, and lifestyles. Due to its 
distinct South Asian phenotype, which includes early-stage hyper
insulinemia, a greater degree of insulin resistance, and possibly an early 
decline in β-cell functions, the Nepali population also has a high sus
ceptibility to and prevalence of obesity, prediabetes, and T2DM [2]. 
Therefore, using a representative sample of adult Nepali individuals 
with varying levels of glucose tolerance, this study aimed to evaluate the 
biomarker potential of plasma miR-9, miR-29a, miR-192, and miR-375 
for the early detection of prediabetes and T2DM. 

2. Materials and methods 

2.1. Study participants and settings 

A total of 46 Nepali adults who visited Manipal Teaching Hospital, 
Pokhara, Nepal, either as caretakers or patients were enrolled and 

divided into three study groups: (a) healthy controls with normal 
glucose tolerance and a BMI <27.5 kg/m2 (n = 25), (b) patients with 
prediabetes and impaired fasting glycemia and/or glucose tolerance (n 
= 9), and (c) patients with T2DM who were diagnosed within the last 
three months with no known complications (n = 12). Prediabetes and 
T2DM were diagnosed according to the American Diabetes Association 
criteria [15]. Prediabetes was defined as a fasting glucose level between 
100 and 126 mg/dL (impaired fasting glucose, IFG) and/or a 2-h post
prandial glucose level between 140 and 200 mg/dL (impaired glucose 
tolerance, IGT) and a glycated hemoglobin (HbA1c) level between 5.7 
and 6.4 %. T2DM was defined as a fasting serum glucose level ≥ 126 
mg/dL or a 2-h post-meal glucose level ≥ 200 mg/dL and an HbA1c level 
>6.5 %. 

2.2. Collection of baseline sociodemographic, anthropometric, and 
clinical data 

Baseline sociodemographic, anthropometric, and clinical data were 
collected using a set of pre-validated structured questionnaires, mea
surement tools such as measuring tape, stadiometer, digital scale, 
sphygmomanometer, and personal medical records by trained labora
tory personnel and postgraduate medical students. Participants with a 
known history or clinical evidence of active inflammatory diseases, 
vascular events (e.g., stroke, unstable angina pectoris, acute myocardial 
infarction, or coronary artery disease), cancer, Cushing’s syndrome, 
hyperpituitarism, hepatic/renal dysfunctions, and active treatment with 
plasma glucose-lowering drugs (e.g., sulfonyl and non-sulfonyl urea, 
thiazolidinediones, sodium-glucose transporter-2 inhibitors, incretin 
mimetics, dipeptidyl peptidase-4 inhibitors, and α-glucosidase in
hibitors) and lipid-lowering drugs (e.g., statins, fibrates, bile acid 
sequestrants, vitamin B3, microsomal transfer protein inhibitors, omega- 
3 acids and 2-azetidione) were excluded from the study due to their 
potential influence on β-cell functions and glucose metabolism. Partic
ipants who were diagnosed with T2DM three months ago or who had 
evidence of any acute or chronic complications of diabetes were also 
excluded from the study. 

2.3. Sample collection, processing, and storage 

Venous blood samples (~10 ml) were collected from all participants 
early in the morning after an 8–12 h overnight fasting and divided into 
three aliquots: (a) one in a plain gel tube for serum separation, (b) one in 
a K3EDTA tube for plasma separation and (c) one in another K3EDTA 
tube for whole blood separation. The first two aliquots were centrifuged 
at 4000 rpm for 10 min, and the separated serum or plasma was stored in 
DNase/RNase-free tubes at − 20 ◦C until analysis. A whole blood aliquot 
was used to determine HbA1c. 

List of abbreviations 

AUC Area under the curve 
BMI Body mass index 
cDNA Complimentary Deoxyribonucleic acid 
eGFR Estimated glomerular filtration rate 
FIN Fasting serum insulin 
FSG Fasting serum glucose 
HOMA1-IR Homeostatic model assessment for insulin resistance 
HPLC High-performance liquid chromatography 
K3EDTA Tripotassium Ethylene Diamine Tetraacetic Acid 
MAP Mean arterial pressure 

MDRD Modificationof diet in renal disease 
miR/miRNA MicroRNA 
PD Prediabetes 
PMG Post-meal glucose 
ROC curve Reciever Operating Characteristics curve 
RPM Rotation per minute 
SPSS Statistical Package for the Social Sciences 
T2DM Type 2 diabetes mellitus 
WC Waist circumference 
WHR Waist-hip ratio 
YI Youden index  
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2.4. Biochemical measurements 

All the baseline biochemical analyses were carried out at the 
Department of Clinical Biochemistry, Manipal Teaching Hospital, 
Pokhara, Nepal. HbA1c level was estimated using a Bio-Rad HPLC D-10 
hemoglobin assay system (Bio-Rad, USA). Serum levels of glucose, 
creatinine and lipid profile parameters were estimated using a VITROS 
350 chemistry analyzer (Ortho Clinical Diagnostics, UK). The Friede
wald equation, LDL-C = TC-HDL-C-TG/5, was used to estimate low- 
density lipoprotein cholesterol (LDL-C) level [16]. Fasting serum insu
lin level was measured by electrochemiluminescence immunoassay 
(eCLIA) using a Vitros ECiQ immunoassay analyzer (Ortho Clinical Di
agnostics, UK). The homeostasis model assessment estimated insulin 
resistance (HOMA1-IR) index was calculated using the following for
mula: HOMA1-IR = fasting plasma insulin (μU/ml) × fasting plasma 
glucose (mmol/L)/22.5 [17]. The estimated glomerular filtration rate 
(eGFR) was estimated using the serum creatinine level and modified diet 
in renal disease (MDRD) equation [18]. Analytical variability was 
minimized by using the same lot of reagents, instrument calibration, and 
quality control measures. 

2.5. Isolation and reverse transcription of plasma miRNAs 

Isolation and reverse transcription of plasma miRNAs were carried 
out at the Central Department of Biotechnology, Tribhuvan Univesity, 
Kathmandu, Nepal. Total RNA, including miRNAs, was isolated from the 
thawed plasma samples using Direct-zol RNA Microprep Kits according 
to the protocol provided by the reagent kit manufacturer (Zymo 
Research, catalog number: R2060, USA). The concentrations and pu
rities of the isolated RNAs were assessed using a NanoDrop one/one C 
Microvolume UV–Vis spectrophotometer (Thermo Fisher Scientific, Inc., 
Waltham, MA, USA). All isolated RNA samples were stored at − 80 ◦C 
until use. 

The isolated miRNAs were reverse transcribed using an iScript cDNA 
Synthesis Kit (Bio-Rad, USA). Briefly, the reaction mixture contained 4 
μL of 5x iScript reaction mix, 1 μL of iScript reverse transcriptase, 10 μL 
of nuclease-free water, and 5 μL of RNA template. These reaction mix
tures were then incubated in a thermal cycler (Bio-Rad T100 Thermal 
Cycler), and cDNA was synthesized by the following steps: (i) priming at 
25 ◦C for 5 min, (ii) reverse transcription at 45 ◦C for 20 min, (iii) RNA 
inactivation for 2 min at 95 ◦C, and (iv) an optional step of holding the 
mixture at 40 ◦C. The concentrations and purity of the cDNA were 
assessed using a NanoDrop One/One C Microvolume UV–Vis spectro
photometer (Thermo Fisher Scientific, Inc., Waltham, MA, USA), and the 
cDNA was stored at − 80 ◦C until use. 

2.6. Real-time RT‒qPCR 

The forward and reverse primer sequences (Table 1) targeting the 
four miRNAs and RNU6B genes (used for normalization) were obtained 
from published literature [19–21] and purchased from Macrogen, Inc. 
(Seoul, South Korea). The lyophilized primers were serially diluted with 
nuclease-free water to prepare stock (100 μM) and working (10 μM) 
solutions, which were stored at − 20 ◦C until use. 

RT-qPCRs of the reverse transcribed miRNAs were performed in 
duplicate using the Azure cielo DX real-time PCR system (Azure 

Biosystems, USA). qPCR was performed at 95 ◦C for 10 min, followed by 
40 cycles at 95 ◦C for 15 s and 60 ◦C for 1 min with a melting curve from 
50 ◦C to 95 ◦C. The specificity of the PCR for each miRNA was verified 
using its melting curve and amplification plot. Only the Ct values with 
bell-shaped melting peaks at approximately 80 ◦C were accepted. Ct 
values from qPCR assays with >35 cycles were treated as not expressed. 
qPCR amplification of the genes for RNU6B and the four miRNAs was 
also performed, and the results were visualized by 1.5 % agarose gel 
electrophoresis using a 100-bp ladder (Solis BioDyne) for 30 min. 

2.7. Calculation of the fold change in plasma miRNA expression 

The expression levels of plasma miRNAs were normalized to those of 
the RNU6B gene, which encodes a small noncoding nuclear RNA that is 
abundantly expressed in various human tissues and organs [21]. The 
fold change in expression values was calculated using the 2− ΔΔCt (cycle 
threshold) method as previously described [22]. ΔΔCt denotes the dif
ference in ΔCt values between test groups (T2DM or prediabetes) and 
the control group (normoglycemic healthy controls) (ΔΔCt =

ΔCtTest-ΔCtControl), and ΔCt is the difference in Ct values between the 
target groups and RNU6B (ΔCt = Ct Target-Ct RNU6B). A fold change <1 
was defined as underexpressed, and >1 was defined as overexpressed. 

2.8. Classification potential and cluster analysis of differentially 
expressed miRNAs 

Agglomerative hierarchical cluster analysis of the study participants 
was carried out using a heatmap created with OriginLab Pro 2023b. The 
cluster rows and columns were adjusted using the group average 
method. The hierarchical clustering of genes and the construction of 
sample trees were based on the Euclidean distance metric. The proba
bility of how accurately participants were assigned to their predefined 
study groups based on plasma miRNA levels was determined using 
multivariate discriminant function analysis. 

2.9. Statistical analysis 

Statistical analysis was performed using SPSS version 26.0 (IBM 
Corp, Armonk, NY, USA), R version 4.2.3, and OriginLab Pro 2023b. 
Data normality was tested using the Kolmogorov‒Smirnov test. As the 
majority of the data were non-normally distributed, nonparametric tests 
were used for all analyses. Descriptive statistics are presented as means, 
medians, and standard deviations. The nonparametric Mann‒Whitney U 
test was used to compare values between any two study groups. 
Spearman bivariate correlation analysis was performed to evaluate the 
strength of linear monotonic associations between plasma expression 
levels of miRNA and T2DM risk factors. Hierarchical cluster analysis was 
performed using group average and Euclidean distance metric methods. 
To assess the accuracy of participant classification based on plasma 
miRNA expression profiles, canonical discriminant function analysis 
was performed. Receiver operating characteristic (ROC) curve analysis 
was used to evaluate the predictive biomarker potential of individual 
and combined miRNAs. The 95 % confidence intervals (CIs) for the area 
under the curves (AUCs) were determined using the binomial exact 
confidence interval method. All hypothesis tests were two-tailed, with p- 
values <0.05 considered statistically significant. 

Table 1 
Forward and reverse primer sequences used for qPCR amplification of miRNAs.  

RNAs Forward Sequence, 5′-3′ Reverse Sequence, 5′-3′ Ref. 

miR-9 GCCCGCTCTTTGGTTATCTAG CCAGTGCAGGGTCCGAGGT [19] 
miR-29a CGCGGATCCTGGATTTAGTAAGATTTGGGC CCGGAATTCACATGCAATTCAGGTCAGTG [20] 
miR-192 CTGACCTATGAATTGACAGCCA GCTGTCAACGATACGCTACGT [21] 
miR-375 GAGCATTTTGTTCGTTCGGC AGTGCAGGGTCCGAGG [19] 
RNU6B GCTTCGGCAGCACATATACTAAAAT CGCTTCACGAATTTGCGTGTCAT [19]  
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3. Results 

3.1. Baseline characteristics of the study participants 

Of the 46 adult participants enrolled, 54.4 % (n = 25) had normal 
glucose tolerance, 19.6 % (n = 9) had prediabetes, and 26.1 % (n = 12) 
had newly diagnosed T2DM. Importantly, the gender distribution was 
almost equal, with males comprising 52.2 % (n = 24) and females 
making up 47.8 % (n = 22) of the cohort. Pairwise nonparametric hy
pothesis testing revealed that participants with prediabetes and T2DM 
had significantly greater (p < 0.05) distributions of several baseline 
characteristics, such as BMI, waist circumference, waist-to-hip ratio, 
mean arterial blood pressure, HbA1C, fasting serum insulin, glucose, 
and triglyceride levels, as well as HOMA1-IR, than healthy controls. A 
similar pairwise hypothesis test between the prediabetes and T2DM 
groups revealed that the former had significantly (p < 0.05) different 
distribution values, specifically for serum total cholesterol and esti
mated glomerular filtration rate (eGFR). However, the three study 
groups did not differ significantly in terms of their mean age or serum 
LDL-C and creatinine levels (p > 0.05) (Table 2). 

3.2. Detection of circulating plasma miRNAs 

The mean concentrations of plasma total RNA in healthy controls, 
prediabetic and T3DM patients were 6.04 ± 3.83 ng/μl, 7.04 ± 3.37 ng/ 
μl, and 7.13 ± 3.41 ng/μl, respectively, and did not differ significantly 
(p > 0.05) from each other (Supplementary Figure 1). The average Ct 
values determined for miR-9, miR-29a, miR-192, and miR-375 and a 
control gene (RNU6B) used for normalization were 35.99, 38.21, 36.94, 

40.77, and 31.39, respectively. The amplification curves were generated 
for all 46 samples for RNUB6, 44 for miR-9 and miR-192, 43 for miR- 
375, and 18 for miR-29a (Supplementary Table 1). The presence of 
amplified RNUB6 and four miRNA genes was further confirmed by 1.5 % 
agarose gel electrophoresis. A band corresponding to RNU6B was 
detected near the 100-bp ladder, and miRNA bands were detected even 
below RNU6B, confirming the expression of all four miRNAs (Supple
mentary Figure 2). 

3.3. Fold change in plasma miRNA expression according to glucose 
tolerance status 

The relative expression levels of each normalized miRNA for all three 
study groups are presented in the boxplots (Fig. 1). Compared to healthy 
controls, T2DM patients showed significantly upregulated expression of 
plasma miR-9 (1.45 ± 0.95 vs 2.96 ± 1.46, p = 0.001559), miR-29a 
(2.02 ± 1.42 vs 7.93 ± 3.60, p = 0.000013), miR-375 (5.37 ± 6.39 vs 
16.11 ± 5.80, p = 0.000056), and miR-192 (2.80 ± 2.67 vs 9.97 ± 6.03, 
p = 0.000157). Furthermore, T2DM patients also exhibited significantly 
greater expression of miR29a (3.46 ± 3.16 vs 7.93 ± 3.60, p =
0.009288) and miR-375 (8.82 ± 7.44 vs. 16.11 ± 5.80, p = 0.027823) 
than did prediabetes patients (Fig. 1). There was no significant differ
ence in the plasma mean fold change in the expression of miR-9 (1.45 ±
0.95 vs. 2.29 ± 1.54, p = 0.128), miR-29a (2.02 ± 1.42 vs. 3.46 ± 3.16, 
p = 0.274), or miR-375 (5.37 ± 6.39 vs. 8.82 ± 7.44, p = 0.130) be
tween healthy controls and prediabetic participants. Only miR-192 
expression was significantly greater in prediabetic participants (2.80 
± 2.67 vs. 6.98 ± 5.77, p = 0.0318) than in healthy controls (Fig. 1). 

Table 2 
Summary statistics on baseline demographic, clinical and metabolic characteristics by the glycemic status.  

Test variables Control (I) (n = 25) Prediabetes (II) (n = 9) T2DM (III) (n = 12) p-values 

Median Mean ± SD Median Mean ± SD Median Mean ± SD I vs II I vs III II vs III 

Age (years) 42.0 42.2 ± 7.7 50.0 49.1 ± 8.5 43.0 43.1 ± 8.6 0.086 0.953 0.221 
Sex Male, n (%) 12 (26.1) 5 (10.9) 7 (15.2)  

Female, n (%) 13 (28.3) 4 (8.7) 5 (10.9)  

Anthropometry 

BMI (kg/m2) 22.5 24.1 ± 3.9 27.6 28.8 ± 5.7 27.1 28.7 ± 3.4 0.012 0.004 0.803 
WC (cm) 85.0 87.3 ± 10.2 99.0 97.4 ± 11.0 97.5 98.8 ± 5.4 0.018 0.001 0.972 
WHR 0.91 0.91 ± 0.07 0.94 0.97 ± 0.07 0.96 0.98 ± 0.06 0.105 0.011 0.498 

Blood pressure 

SBP (mmHg) 116.0 114.0 ± 10.2 120.0 123.8 ± 10.9 122.0 121.5 ± 11.5 0.031 0.068 0.748 
DBP (mmHg) 76.0 76.4 ± 7.5 86.0 85.8 ± 8.9 79.5 80.1 ± 7.9 0.011 0.187 0.126 
MAP (mmHg) 89.7 88.9 ± 8.0 100.7 98.5 ± 8.0 92.0 93.9 ± 8.6 0.012 0.205 0.419 

Metabolic profile 

FSG (mm/dl) 89.0 88.0 ± 7.3 106.0 106.7 ± 8.6 112.0 110.7 ± 18.3 0.000 0.001 0.477 
2h PMG (mg/dl) 99.0 7.6 ± 16.0 136.0 134.8 ± 36.5 140.0 146.6 ± 38.7 0.008 0.000 0.702 
HbA1C (%) 5.2 5.1 ± 0.4 5.8 5.8 ± 0.6 6.4 6.6 ± 1.3 0.001 0.000 0.087 
FIN (mU/L) 7.0 9.5 ± 9.6 9.2 10.8 ± 3.9 9.7 11.7 ± 6.6 0.072 0.048 0.862 
HOMA1-IR 1.5 2.1 ± 2.31 2.3 2.84 ± 1.04 2.6 3.15 ± 1.68 0.009 0.007 0.776 

Lipid profile 

TC (mg/dl) 177.0 176.6 ± 29.9 206.0 193.3 ± 28.7 181.0 167.4 ± 32.4 0.056 0.77 0.043 
HDL-C (mg/dl) 51.0 49.4 ± 13.3 42.0 43.7 ± 8.4 36.5 38.6 ± 10.6 0.348 0.02 0.225 
LDL-C (mg/dl) 103.0 101.8 ± 25.6 113.0 104.6 ± 26.7 92.0 93.8 ± 27.6 0.494 0.581 0.374 
TG (mg/dl) 105.0 127.0 ± 65.4 223.0 224.7 ± 80.9 183.5 207.4 ± 98.8 0.002 0.005 0.382 

Renal function tests 

Creatinine (mg/dl) 0.7 0.76 ± 0.18 0.8 0.87 ± 0.17 0.7 0.74 ± 0.16 0.068 0.853 0.078 
eGFRCr (ml/min/1.73m2) 97.0 99.9 ± 18.7 75.9 79.3 ± 12.1 100.1 106.3 ± 21.9 0.002 0.471 0.002 

The values are presented either as numbers and percentages (%) for categorical data, or median and mean ± standard deviation for continuous data. Mean arterial 
pressure (MAP) was calculated using the formula: MAP = DBP + 1/3(SBP – DBP). PD: Prediabetes, T2DM: Type 2 diabetes mellitus, BMI: Body mass index, WC: Waist 
circumference, WHR: Waist-to-hip ratio, SBP: Systolic blood pressure, DBP: Diastolic blood pressure, FSG: Fasting serum glucose, 2hPMG: Two hours post-meal 
glucose, HbA1C: Glycated hemoglobin, FIN: Fasting serum insulin, HOMA1-IR: Homeostasis model assessment of insulin resistance, TC: Total cholesterol, HDL-C: 
High-density lipoprotein cholesterol, LDL-C: Low-density lipoprotein cholesterol, TG: Triglycerides, eGFRcr: Serum creatinine-based glomerular filtration rate esti
mated using a modification of diet in renal disease (MDRD) equation. The group variables were compared pairwise using Mann-Whitney U tests. 
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3.4. Linear association of T2DM risk factors with plasma expression 
levels of miRNAs 

All four miRNAs showed a strong positive correlation with each 
other (p < 0.001). miR-29a and miR-192 showed significant positive 
correlations (p < 0.05) with several risk factors for insulin resistance and 
T2DM, including the waist-hip ratio, serum fasting and postprandial 
glucose levels, HbA1C%, HOMA1-IR, and plasma triglyceride level. 
However, miR-29a showed a negative correlation (p < 0.05) with serum 
total cholesterol and LDL-cholesterol levels. Similarly, miR-192 showed 
a negative correlation with HDL-cholesterol levels and estimated 
glomerular filtration rate (eGFRcr) values. In comparison, plasma miR-9 
and miR-375 correlated with fewer T2DM risk factors than did miR-29a 
and miR-192. miR-9 showed significant positive correlations with age 
and serum glucose levels, while miR-375 showed significant positive 
correlations with WHR, fasting serum glucose, and HbA1c levels (Fig. 2). 

3.5. Plasma miRNA-based clustering and classification of study 
participants 

Based on the expression pattern of each miRNA, the study partici
pants could be divided into three clusters (Fig. 3a), which were largely 
consistent with their predefined groups. Discriminant analysis revealed 
that the plasma expression levels of each miRNA could serve as a sig
nificant discriminant of the original grouping based on glycemic status. 
Among the four miRNAs, miR-29a had the highest correlation coeffi
cient, and miR-9 had the lowest standardized canonical discriminant 
function coefficient (Table 3). 

Overall, 69.6 % of the originally grouped cases were correctly clas
sified. Specifically, 72.0 % of the participants were accurately assigned 
to the control group, 55.6 % to the prediabetes group, and 75.0 % to the 

type 2 diabetes group. The scatter plot between function 1 and function 
2 is shown in Fig. 3b. It was found that in Function 1 (p = 0.000, Wilks 
Lambda), the centroid of normoglycemic controls (− 0.845) was rela
tively closer to the centroid of prediabetes (0.000) but had greater 
controls (− 0.845) and was relatively closer to the centroid of predia
betes (0.000) but had a greater difference from the centroid (1.761) of 

Fig. 1. Box plots for the mean fold change in the expression levels of normalized miRNAs by the glycemic status. Control refers to healthy individuals with normal 
glucose tolerance, PD refers to prediabetes with impaired fasting glucose and/or impaired glucose tolerance, and T2DM refers to the patients with type 2 diabetes 
mellitus. The group means were compared pairwise using Mann-White U tests. 

Fig. 2. The correlation matrix showing the monotonic relationship be
tween the mean fold expression of plasma miRNAs and baseline test 
variables. The bright red color indicates the highest positive correlation while 
the dark blue color indicates the lowest negative correlation. The significant 
correlation coefficients are flagged with × p < 0.05, **p < 0.01, ***p < 0.001. 
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type 2 diabetes. 

3.6. Biomarker potential of plasma miRNAs for the detection of 
prediabetes and T2DM 

We evaluated the biomarker potential of individual plasma miRNAs 
and their combinations using receiver operating characteristic (ROC) 

curve analysis (Fig. 4a–c). Of the four miRNAs examined, only miR-192 
showed significant potential in distinguishing prediabetic patients from 
normoglycemic healthy controls (AUC value: 0.747, p = 0.032). This 
distinction was supported by its YI (0.498), sensitivity (77.8 %), and 
specificity (72.0 %). Combining the information from all four plasma 
miRNAs further improved the AUC (0.782, p = 0.013), YI (0.681), 
sensitivity (77.8 %), and specificity (84.0 %) (Fig. 4, Table 4). 

In the context of distinguishing T2DM patients from healthy controls, 
all four miRNAs demonstrated significant potential (AUC: >0.82) 
(Fig. 4, Table 4). Notably, miR-29a was found to be the most promising 
candidate with the highest AUC (0.950, p = 0.000), YI (0.877), sensi
tivity (91.7 %), and specificity (96.0 %). Although the combination of 
miR-29a with miR-375 increased the discriminatory potential, with an 
AUC of 0.960 (p = 0.000), this combination did not improve the YI 
(0.877), sensitivity (91.7 %), or specificity (96.0 %). Furthermore, both 
miR-29a and miR-375 showed significant potential in distinguishing 
T2DM patients from prediabetes patients. miR-29a showed the highest 
discriminatory potential based on its AUC (0.833, p = 0.009), YI 
(0.639), sensitivity (75.0 %), and specificity (88.9 %). Combining miR- 
29a with miR-9 and miR-375 further improved the AUC (0.852, p =
0.007), YI (0.695), sensitivity (91.7 %), and specificity (77.8 %) 

Fig. 3. [a] Hierarchical clustering of study groups based on their specific miRNA expression. Heatmap analyses showing the differential expression pattern of 
plasma circulating miRNAs in the study subjects. The color scale on the right-hand side shows saturation and brightness based on the mean values of the fold change 
in miRNA expression. The red color with maximum intensity indicates the highest fold change in the plasma expression while the green color with maximum in
tensity indicates the reverse. C: Normoglycemic healthy controls, P: Prediabetic individuals, and D: Patients with type 2 diabetes mellitus. [b] Scatter plot showing 
canonical discriminant functions, Control: Normoglycemic healthy control, PD: Prediabetes, T2D: Type 2 diabetes. 

Table 3 
Data of canonical discriminant analysis.  

miRNAs Wilkis 
lambda 

p- 
value 

STD CDF1 
Coefficients* 

Classification function 
coefficients     

Control PD T2DM 

miR-9 0.766 0.003 0.132 0.825 1.189 1.106 
miR-29a 0.488 0.000 0.684 0.093 0.145 0.803 
miR-192 0.654 0.000 0.223 0.004 0.177 0.136 
miR-375 0.657 0.000 0.284 0.093 0.102 0.207 
Constant    − 2.043 − 3.778 − 8.264 

STD CDF1=Standardized canonical discriminant function 1, PD=Prediabetes, 
T2DM = Type 2 diabetes mellitus. 

Fig. 4. The Receiver Operating Characteristic (ROC) curve analyses of individual and combined plasma miRNA for their potential to discriminate between (a) 
normoglycemia vs prediabetes, (b) normoglycemia vs type 2 diabetes, and (c) prediabetes vs type 2 diabetes states. Combined1: Combination of miRs-9+29a+192 +
375; Combined2: Combination of miRs-29a+375; Combined3: Combination of miRs-9+29a+375, AUC=Area under the curve. 
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4. Discussion 

This study is the first to validate the biomarker potential of plasma- 
circulating miR-9, miR-29a, miR-192, and miR-375 for the early 
detection of glucometabolic disorders in the Nepalese population. Pre
vious research has shown that ethnicity, genetic background, and di
etary habits can significantly influence plasma miRNA expression 
profiles, necessitating validation across diverse populations before 
implementation in clinical diagnostics [13,14]. The Nepali population, 
with its distinct ethnicities, genetic backgrounds, dietary habits, and 
unique geographic locations, presents an important cohort for such 
validation. Our findings demonstrate that expression of all four plasma 
miRNAs is significantly upregulated in T2DM patients, while only 
miR-192 in prediabetic individuals when compared to normoglycemic 
controls. 

miR-9, a pancreas-specific miRNA, plays an important role in 
glucose-stimulated insulin secretion by directly down-regulating the 
expression of target genes for Onecut-2 (OC-2) and Sirtuin 1(Sirt1) 
which are the negative regulator of insulin secretion [23,24]. Its over
expression in our T2DM patients, but not in prediabetics, suggests that 
impairment of glucose-stimulated insulin secretion and associated 
metabolic derangement occur lately when the prediabetes state pro
gresses to overt T2DM. This hypothesis is further supported by the sig
nificant correlation of plasma miR-9 levels with a limited number of 
T2DM risk factors, specifically age and plasma glucose level, but not 
with obesity, long-term glycemic status, lipid profile parameters, or in
sulin resistance indices. A similar study on the Chinese population 
corroborated our findings, suggesting that plasma miR-9 levels in pre
diabetic individuals remain relatively stable compared to those with 
normal glycemia, indicating a potential plateau in expression during the 
early stages of glucose intolerance [25]. 

Our study showed a significant correlation of miR-29a with markers 
of obesity, insulin resistance, glycemic status, dyslipidemia, and over
expression in T2DM patients relative to both healthy and prediabetic 
individuals. Studies have demonstrated that miR-29a is abundantly 
expressed in metabolically active organs, and regulates glucose- 
stimulated insulin secretion, beta cell function, and glucose uptake in 
peripheral tissues. Its upregulated expression in T2DM patients thus 
potentially contributes to insulin resistance and T2DM development 
[26–28]. A similar study in the Chinese population has also shown 

almost five-fold higher expression of serum miR-29a in type 2 diabetic 
patients when compared to individuals with normal glucose tolerance 
[25]. 

miR-192 is expressed by many organs but is expressed mostly in the 
liver and pancreas. It was found significantly overexpressed in both 
prediabetes and T2DM patients relative to healthy controls. It showed a 
significant correlation with several markers of insulin resistance such as 
BMI, WHR, blood glucose and HDL-C levels, HbA1c%, HOMA1-IR, and 
renal function marker such as eGFRcr value. Its significant over
expression in both prediabetic and T2DM patients suggests its early 
involvement in the development of glucose intolerance and progression 
to T2DM and associated complications [29,30]. While some studies 
show increased miR-192 expression in prediabetes but not T2DM, others 
report higher folds of expression in T2DM compared to normal or pre
diabetic individuals [30,31]. 

The miR-375, expressed abundantly in the pancreas, regulates α and 
β cell mass and insulin [32–34]. Its overexpression both in animal 
models and humans leads to hyperglycemia and a decrease in β-cell mass 
suggesting it to be another potential biomarker of type 2 diabetes [32, 
35]. We also found miR-375 significantly correlated with the markers of 
insulin resistance such as WHR, plasma glucose level, HbA1C%, and 
number of components of MetS and overexpression in T2DM patients 
compared to both healthy and prediabetic individuals. Studies in Chi
nese and Bahraini populations have linked plasma miR-375 levels to 
insulin resistance and diabetes onset [19,36]. A five-year follow-up 
study in Spanish adults confirmed that miR-375 dysregulation precedes 
prediabetes and T2DM, suggesting its potential as a predictive 
biomarker for high-risk individuals [37]. 

The collective dysregulated expression of these miRNAs could 
disrupt their harmonious interaction and synergistic roles in regulating 
insulin release and glucose metabolism, potentially contributing to the 
onset of prediabetes and eventual progression to T2DM [38–40]. This 
underscores the complex nature of T2DM development and emphasizes 
the potential use of these miRNAs as early biomarkers for glucometa
bolic disorders. 

Despite alignment in the direction of dysregulation between our 
study and others, we observed slight discrepancies in the expression 
patterns of these miRNAs among the three study groups. These dis
crepancies may be attributed to variations in race, ethnicity, and age 
demographics of study participants, the complexity and duration of 

Table 4 
The AUCs, sensitivity, and specificity of plasma miRNAs for detecting prediabetes and type 2 diabetes.  

Target gene AUC 95 % CI p-value YI Criterion Sensitivity Specificity 

Normal vs Prediabetes 

miR-9 0.676 0.438–0.913 0.123 0.436 ≥1.87 55.6 88.0 
miR-29a 0.627 0.391–0.862 0.266 0.324 ≥3.36 44.4 88.0 
miR-192 0.747 0.556–0.937 0.032 0.498 ≥3.01 77.8 72.0 
miR-375 0.676 0.471–0.881 0.123 0.489 ≥2.57 88.9 60.0 
miR-9+29a+192+375 0.782 0.555–1.00 0.013 0.618 ≥0.33 77.8 84.0 

Normal vs Diabetes 

miR-9 0.827 0.677–0.977 0.000 0.630 ≥2.02 75.0 88.0 
miR-29a 0.950 0.864–1.000 0.000 0.877 ≥4.19 91.7 96.0 
miR-192 0.890 0.787–0.993 0.000 0.673 ≥5.61 83.3 84.0 
miR-375 0.887 0.781–0.992 0.000 0.673 ≥11.01 83.3 84.0 
miR-29a+375 0.960 0.892–1.000 0.000 0.877 ≥0.25 91.7 96.0 

Prediabetes vs Diabetes 

miR-9 0.662 0.421–0.903 0.214 0.334 ≥2.18 66.7 66.7 
miR-29a 0.833 0.632–1.000 0.009 0.639 ≥6.16 75.0 88.9 
miR-192 0.648 0.406–0.890 0.256 0.277 ≥4.77 83.3 44.4 
miR-375 0.787 0.570–1.000 0.028 0.556 ≥6.28 100.0 55.6 
miR-9+29a+375 0.852 0.671–1.000 0.007 0.695 ≥0.37 91.7 77.8 

The AUCs for each plasma miRNA were determined using non-parametric methods. The 95 % confidence intervals for AUCs were determined using the binomial exact 
confidence interval method. The Youden index (YI) values were calculated using the formula: YI= Sensitivity-(1-Specificity). The sets of combined microRNAs 
included under each study group represent the combinations that yielded the highest AUCs out of all possible combinations. All tests were two-tailed and a p-value 
<0.05 was considered statistically significant. ROC: Repeater Operating Characteristic, AUC: Area under the curve, CI: Confidence interval, YI: Youden index. 
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disease progression, criteria employed for prediabetes and T2DM clas
sification, and the types of samples used, along with the possible exis
tence of undiagnosed comorbidities. Previous studies have indeed 
documented that race, ethnicity, genetic background or geographical 
location can confound plasma miRNA expression profiles [13,14]. 

To assess the diagnostic potential of these four miRNAs and their 
selected combinations, we employed ROC curve analysis. MiR-9 did not 
emerge as a strong early predictive marker for either prediabetes or 
T2DM due to its comparatively lower AUC, Youden index, and sensi
tivity. Conversely, miR-29a showed strong potential to distinguish 
T2DM patients from both prediabetic and healthy individuals, exhibit
ing the highest AUC, Youden index, sensitivity, and specificity. This 
indicates that miR-29a could act as an early predictive biomarker for 
T2DM diagnosis. The AUC value of 0.950 for miR-29a in T2DM patients 
versus healthy controls surpasses reported values for other miRNAs or 
traditional markers for T2DM diagnosis [41]. Although combining 
miR-29a with miR-375 marginally improved the AUC value to 0.960, it 
did not alter the sensitivity or specificity, suggesting that miR-29a alone 
might be adequate for accurately identifying patients with T2DM. 

The significant ability of plasma miR-192 to distinguish prediabetes 
patients from healthy controls suggests its potential as a biomarker for 
detecting prediabetes. Its AUC value of 0.747 is comparable to reported 
values for other miRNAs or traditional markers for prediabetes detection 
[31]. The combination of all four miRNAs increased the AUC to 0.782 
but did not enhance sensitivity or specificity, indicating that miR-192 
alone might be effective in moderately accurate identification of pre
diabetes patients. Plasma miR-375 levels demonstrated excellent po
tential to differentiate T2DM patients from healthy controls with 
relatively high sensitivity and specificity, and from prediabetic in
dividuals with 100 % sensitivity. This finding implies that miR-375 
could be another crucial biomarker for predicting the early onset of 
T2DM in the Nepali population. 

While the plasma levels of all four miRNAs were elevated in T2DM 
patients compared to prediabetes patients and healthy controls, there 
were similar expression patterns among these groups. This suggests that 
the potential of individual miRNA expression profiles for the differential 
diagnosis or staging of T2DM pathogenesis might not be strong. How
ever, when the four miRNAs were grouped as a panel, a significant 
majority of the study participants across the three study groups could be 
classified and differentiated with an accuracy of 69.6 %, suggesting 
enhanced identification using the panel. Furthermore, integrating the 
information of all four miRNAs in the ROC curve analysis led to superior 
differentiation of prediabetes participants compared to individual 
miRNAs. However, distinguishing between healthy controls and in
dividuals with prediabetes remained challenging due to increased 
overlap in miRNA expression profiles, a finding similar to a previous 
study in Chinese adults analyzing the expression profiles of miR-9, miR- 
29a, and miR-375 [25]. 

Our study has several strengths, including the use of a representative 
sample of Nepali adults with diverse glucose tolerance, robust miRNA 
isolation and quantification techniques, and comprehensive statistical 
analyses. However, it is important to acknowledge certain limitations. 
The cross-sectional design prevents causal inference and longitudinal 
evaluation of changes in miRNA expression. Additionally, we could not 
adjust the impact of potential confounding factors such as diet, physical 
activity, smoking, alcohol intake, medication usage, or genetic varia
tions in the reported miRNA expression levels. Furthermore, our study 
did not investigate the functional mechanisms or target genes of these 
miRNAs concerning T2DM pathophysiology. 

5. Conclusion 

In conclusion, this study validates the biomarker potential of plasma 
miR-9, miR-29a, miR-192, and miR-375 for early detection of gluco
metabolic disorders in Nepali adults. MiR-29a emerged as the most 
robust biomarker for differentiating T2DM patients from healthy and 

prediabetic individuals, while miR-192 effectively distinguished both 
prediabetic and T2DM individuals from healthy controls. MiR-375 
demonstrated promise in identifying prediabetic and T2DM in
dividuals with high accuracy. These findings provide novel insights into 
the utility of these plasma-circulating miRNAs for early detection of 
prediabetes and T2DM. Future large-scale, longitudinal studies with 
functional validation are warranted to confirm these results and eluci
date the molecular mechanisms underlying these miRNAs’ associations 
with glucometabolic disorders across diverse populations. 
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