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MTNRI1B variants increase
gestational diabetes mellitus risk in
young Chinese pregnant women
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Yue Wei?, Guofang Zeng**“, Dehua Zou®%" & Runmin Guo®%2**

The aim of this study is to explore the relationship between the MTNR1B gene variants rs1387153

and rs10830963 and the risk of gestational diabetes mellitus (GDM). Additionally, the study sought to
investigate gene-environment interactions, assess the cumulative genetic risk through the application
of Genetic Risk Scores (GRSs), and establish a predictive model for GDM. A case-control study was
conducted with 500 GDM patients and 502 controls. MTNR1B gene variants were genotyped using
SNPscan™. Associations between clinical data, genetic models, haplotype and GDM risk or blood
glucose levels were analyzed using statistical tests. Gene-environment interactions were preliminarily
analyzed with GMDR and logistic regression. SNP-age interactions were further explored through
stratified analysis and GRS. A predictive model was developed using logistic regression, validated with
bootstrap resampling, and its clinical utility was evaluated with decision curve analysis. The study has
identified a significant association between the MTNR1B gene variants rs1387153 and rs10830963 and
an increased risk of GDM, particularly in women under 30 years of age (all OR>1, P<0.05; rs1387153
TT vs. CC: OR=2.969, P<0.001, rs10830963 GG vs. CC: OR=3.066, P<0.001). The gene-age interaction
was found to be statistically significant (P <0.05). The analysis of the TC haplotype (OR>1, P<0.001)
and the GRS, specifically in the top quartile of GRS (OR >3, P<0.001), further corroborates the
cumulative impact of these variants on the risk of GDM among pregnant women under 30 years. The
variants also significantly increase postprandial blood glucose levels in pregnant women under 30 years
of age (P <0.05). A predictive model that includes MTNR1B polymorphisms, maternal age, and pre-
pregnancy BMI has shown good predictive accuracy for GDM risk (C-Statistics=0.682, P<0.001). The
study highlights the key role of MTNR1B gene variants rs1387153 and rs10830963 in GDM risk among
young pregnant women under the age of 30, with no correlation observed in pregnant women aged 30
and above. The gene-age interaction and GRS provide additional insights into GDM risk. These findings
serve as a significant inspiration for future research on populations with MTNR1B gene variations,
hopefully prompting more researchers to pay attention to adopting appropriate research, screening,
prevention, and intervention strategies for pregnant women with diabetes at different age stages.

Keywords Gestational diabetes mellitus, MTNRIB polymorphisms, Gene-environment interactions, Genetic
risk scores, Predictive model

Gestational diabetes mellitus (GDM) is a prevalent condition emerging during pregnancy, presenting substantial
health hazards to both the mother and the child. Characterized by the interplay of insulin resistance and p-cell
dysfunction!, GDM, if not promptly addressed, can result in serious complications such as fetal macrosomia,
birth trauma, and an escalated risk of type 2 diabetes (T2DM) later in life**. The genesis of GDM is intricate,
stemming from a tapestry of genetic susceptibilities, environmental influences, and the physiological shifts
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intrinsic to pregnancy®’. Pinpointing the genetic factors that heighten the risk of GDM is essential for crafting
tailored approaches to screening and prevention.

Melatonin, a hormone synthesized in the pineal gland, plays a crucial role in regulating circadian rhythms
and glucose metabolism. The MTNRIB gene encodes the melatonin receptor, which is expressed in pancreatic
beta cells and is involved in insulin secretion. Genetic variations in MTNRIB, such as rs10830963, have been
shown to increase the expression of MTNRIB mRNA in pancreatic islets, leading to enhanced melatonin
signaling. This, in turn, can impair insulin secretion and contribute to elevated blood glucose levels, a key feature
of GDM®8,

The MTNRIB gene has garnered attention for its pivotal role in the regulation of circadian rhythms and
the maintenance of glucose equilibrium, and its association with the pathophysiology of T2DM positions it as
a key suspect in GDM research®’. The MTNRIB gene encodes the melatonin receptor, which plays a crucial
role in the human body. Melatonin is a hormone synthesized in the pineal gland, and it is key in regulating the
sleep-wake cycle, biological rhythms, and influencing reproduction. The expression of the MTNRIB gene is
mainly concentrated in the retina, brain, and pancreatic beta cells, where melatonin signaling is essential for
maintaining normal physiological functions!®!%.

In diabetes research, especially in the occurrence of GDM, variations in the MTNRIB gene have been found
to be associated with the regulation of blood glucose levels'. For instance, the rs10830963 risk variant on the
MTNRIB gene is an expression quantitative trait loci (eQTL), which has been found to increase the expression
of MTNRIB mRNA in human islets. This means that individuals carrying the G allele of this variant may have
a stronger melatonin signal in the pancreas, which could affect the transcription and secretion of insulin,
thereby influencing blood glucose levels”. Specific genetic variations within this gene, notably the rs1387153 and
rs10830963 polymorphisms, have garnered considerable research focus due to their hypothesized association
with GDM risk. Concurrently, environmental determinants such as maternal age and pre-pregnancy BMI
(pre-BMI) are well-established as significant contributors to GDM risk. Environmental influences may alter
the manifestation of genetic risk factors, resulting in a spectrum of disease expression'>. While the interactions
between genetic and environmental factors is acknowledged as a critical component in progression of GDM, the
nuanced interplay between these elements and genetic predisposition remains to be fully elucidated.

Riskscore is one of the important methods to evaluate the risk prediction ability in epidemiological studies.
The method of incorporating genetic susceptibility factors into the riskscore to evaluate the effect of genetic
susceptibility factors in the risk prediction model is called geneticriskscore (GRS). In recent years, GRS have
covered some SNPs of candidate genes related to GDM, and their use in combination with known risk factors
helps to predict the disease!. However, they have been less applied in MTNRIB rs1387153 and rs10830963.

This study endeavors to broaden our comprehension by undertaking a thorough examination of the nexus
between MTNRIB genetic variations and GDM risk, taking into account the complex interactions between
genetic and environmental factors, and evaluating the aggregate genetic risk through GRSs. The integration
of genetic and environmental parameters into predictive models is anticipated to refine the precision of GDM
risk estimation and to inform strategic preventative measures. Age-specific analysis may further delineate the
influence of rs1387153 and rs10830963 on GDM risk across various age brackets, thereby contributing to the
formulation of individualized preventative and interventional strategies.

Materials and methods
Study subjects
All pregnant women in the study were recruited from the Shunde Women and Children’s Hospital of Guangdong
Medical University. Glucose tolerance tests were conducted according to the diagnostic criteria of the International
Association of Diabetes and Pregnancy Study Groups (IADPSG), between 24 and 28 weeks of gestation. Blood
glucose levels were measured after a 75 g oral glucose tolerance test (OGTT), including fasting plasma glucose
(FPG), 1-hour plasma glucose (1 h-PG), and 2-hour plasma glucose (2 h-PG). GDM was diagnosed if the
following criteria were met: FPG>5.1 mmol/L, or 1 h-PG210.0 mmol/L, or 2 h-PG>8.5 mmol/L. Eligibility
for inclusion was determined based on these criteria. The study included 500 women diagnosed with GDM
and 502 healthy controls. Controls were matched to cases based on age (+3 years), ethnicity (Han Chinese),
and gestational age at the time of glucose tolerance testing (24-28 weeks). Inclusion criteria were: voluntary
informed consent, no prior diagnosis of diabetes (All participants underwent FPG testing in early pregnancy. If
the fasting glucose level was >5.1 mmol/L, a 75 g OGTT was immediately performed to rule out pre-pregnancy
diabetes. Participants meeting any of the following criteria were excluded: Fasting glucose>7.0 mmol/L or
2-hour glucose > 11.1 mmol/L. Participants with normal OGTT results were retained in the study and underwent
repeat OGTT at 24-28 weeks of gestation to screen for GDM), Han ethnicity, age 18 or above, no pregnancy
complications, and no use of hypoglycemic medications. Exclusion criteria included non-Han ethnicity, pre-
existing diabetes, or any other significant medical conditions that could affect glucose metabolism.

This study was approved by the Ethics Committee of the Shunde Women and Children’s Hospital of
Guangdong Medical University, and each participant provided voluntary informed consent. All methods were
performed in accordance with the relevant guidelines and regulations.

Data collection

Demographic and clinical data, including age, ethnicity, height, gravidity and parity were collected, participants’
prepregnancy weight was also noted. The pre-BMI (expressed in Kg/m~2) was derived by dividing the weight in
kilograms by the square of the height in meters. Utilizing pre-BMI values, the classification of obesity among the
Chinese population was categorized as follows: obese (BMI>28 Kg/mA2), overweight (24 Kg/mA2<BMI<28
Kg/mA2), normal weight (18.5 Kg/mA2 < BMI <24 Kg/m~2), and underweight (BMI < 18.5 Kg/m~2).
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SNP genotyping

The genomic DNA was extracted utilizing the QIAamp DNA blood kit, a product of Qiagen from Germany.
The detection of individual SNPs’ genotypes was executed through the SNPscan technique. The ABI3730XL
sequencer from Applied Biosystems in the USA, along with GeneMapper 4.1 software, was employed for the
collection and analysis of the raw data, respectively. Genesky Technologies Inc., based in Shanghai, China, was
involved in this process. Further quality control measures were implemented to confirm the precision of the
genotyping outcomes.

Statistical analyses

Continuous variables (mean+standard deviation) were compared using the independent samples t-test;
discrete variables, including the assessment of Hardy-Weinberg equilibrium (HWE) within the control group,
were evaluated using the chi-square test. The correlation between Age or pre-BMI and the risk of GDM was
explored through the receiver operating characteristic (ROC) curve analysis. Binary logistic regression analysis
was utilized to evaluate the correlation between various genetic models and the risk of GDM, quantifying this
relationship with odds ratios (OR) and 95% confidence intervals (CI). The statistical analyses were executed
using SPSS 20.0 software (SPSS, Chicago, Illinois, USA). Initial assessments of gene-environment interactions
were performed using the GMDR tool alongside logistic regression. Haplotype analysis was conducted via the
online platform “SHEsisPlus.”

The sample size was calculated based on an assumed OR of 1.5 for the risk alleles, a minor allele frequency
(MAF) of 0.430 for rs1387153 and 0.413 for rs10830963 (Based on the 1000 Genomes CHBS database),
a significance level of 0.05, and a power of 90%. Using the Quanto software (version 1.2.4), we determined
that a sample size of 500 cases and 502 controls would be sufficient to detect the expected associations. The
study achieved a power of >90% for both SNPs. This indicates that our study had sufficient power to detect the
reported associations.

The interactions between SNPs and established risk factors, such as age, were identified through the
application of simple count genetic risk scores (SC-GRS), direct logistic regression genetic risk scores (DL-
GRS), and stratified analysis methodologies. The SC-GRS was ascertained by aggregating the risk alleles of the
identified SNPs, with participants categorized into quartiles based on the distribution of GRS scores at the 25th,
50th, and 75th percentiles (Quartile 1: < 25th percentile, Quartile 2: between 25th and 50th percentiles, Quartile
3: between 50th and 75th percentiles, Quartile 4: > 75th percentile). The B-coefficients associated with each SNP
were derived from an additive genetic model logistic regression, which was then used to calculate the weighted
DL-GRS. Given the constraints on sample size, the study’s dataset served as a training set for model development,
followed by internal validation through Bootstrap resampling. A Logistic regression model was established,
a Nomogram was charted, and the model’s predictive accuracy was appraised using C-Statistics, with further
validation and Calibration plotting via the Bootstrap resampling technique. The decision curve analysis (DCA)
was applied to assess the clinical utility of the predictive model. These analyses were conducted using R software
(version 4.4.1). The influence of SNPs on blood glucose levels was examined and graphically represented using
GraphPad Prism 9.5 for one-way ANOVA. Statistical significance was determined at the threshold of P<0.05
for all bilateral tests.

Results

General clinical characteristics of the subjects

In this case-control study, we enrolled 500 women diagnosed with GDM and a matched group of 502 healthy
controls. Genotyping for the MTNRIB gene’s rs1387153 and rs10830963 single nucleotide polymorphisms
(SNPs) was successfully conducted for all participants. Table 1 presents the clinical baseline characteristics of the
study population. Comparative analysis revealed that the GDM group exhibited significantly higher mean values
for age, pre-BMI, and blood glucose levels compared to the control group (P<0.05). Additionally, the GDM
group showed a statistically significant difference in gravidity and parity when compared to the control group
across the entire study sample (P <0.05). However, these differences were not observed when the subjects were
stratified by age, indicating no association between age-stratified groups and gravidity or parity in this study.

Association between age or pre-BMI and GDM risk

Advanced maternal age and elevated pre-BMI have been established as risk factors for GDM in previous studies.
Our findings corroborate this association, demonstrating a significant correlation between maternal age and
GDM risk, which increases progressively with age (OR=1.132, 95% CI: 1.098-1.167, P<0.001). The ROC curve
analysis yielded an Area Under the Curve (AUC) of 0.646 (95% CI: 0.612-0.680, P<0.001), with the maximum
Youden index of 0.222 at an age threshold of 30 years, yielding a sensitivity of 0.616 and a specificity of 0.606
(Fig. 1A; Table 2).

Inaddition, a significant association was observed between pre-BMI and GDM risk, with an increased risk
of GDM as pre-BMI rose (OR=1.138, 95% CI: 1.084-1.195, P<0.001). The corresponding ROC curve analysis
indicated an AUC of 0.598 (95% CI: 0.563-0.633, P<0.001), with the maximum Youden index of 0.167 at a pre-
BMI threshold of 21.6755 kg/m~2, resulting in a sensitivity of 0.426 and a specificity of 0.741 (Fig. 1B; Table 2).

Overall analysis the association between MTNR1B rs1387153, rs10830963 and GDM risk
Table 3 presents the findings from the HWE analysis and the MAF for the two SNPs within the control group. The
genotype distributions were in accordance with HWE, with P-values exceeding the 0.05 threshold, indicating a
representative sample from the genetic pool.

We assessed the correlation between the genotypes of the MTNRIB gene rs1387153 and rs10830963 SNPs
and the risk of GDM using five genetic models: codominant homozygous, codominant heterozygous, dominant,
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Variables ‘ Cases (%) | Controls(%) ‘ t/x2 ‘ P

Age, year (mean + SD)

Overall 31.01+4.32 | 28.66+4.37 | -8.56 <0.001
<30 years 26.58+2.08 | 25.83+£2.69 | -3.273 | 0.001
=30 years 33.77+2.83 | 32.99+2.43 | -3.158 | 0.002
Pre-BMI, Kg/m?

Overall 21.51+£3.10 | 20.53£2.58 | -5.42 <0.001
<30 years 21.14+£2.88 | 20.24£2.55 | -3.644 | <0.001
=30 years 21.77+3.23 | 20.98+2.27 | -3.021 | 0.003
FPG, mmol/L 4.82+0.64 |4.50+0.31 -9.75 <0.001
1 h-PG, mmol/L | 10.17+1.60 | 7.66+1.27 -26.22 | <0.001
2 h-PG, mmol/L | 8.91+1.60 |6.69+0.99 -25.85 | <0.001
Gravidity (n)

Overall 9.099 | 0.011

1 152 (45.5) 182 (54.5)

2 166 (47.8) 181 (52.2)

>3 182 (56.7) | 139 (43.3)

<30 years 0.423 | 0.809

1 92 (47.7) 152 (50.2)

2 64(332) |99 (32.7)

>3 37(19.8) 52(17.2)

=30 years 3.795 |0.15

1 60(19.5) |30 (15.1)

2 102 (33.2) 82 (41.2)

>3 145 (47.2) 87 (43.7)

Parity (n)

overall 8.291 | 0.004
<1 437 (48.4) 466 (51.6)

>1 63 (63.6) | 36 (36.4)

<30 years 1.191 |0.275
<1 182 (94.3) 292 (96.4)

>1 11 (5.7) 11 (3.6)

230 years 1.791 |0.181
<1 255 (83.1) 174 (87.4)

>1 52 (16.9) 25 (12.6)

Table 1. Basic characteristic of participants of the study. Pre-BMI pre-gestational body mass index, FPG
fasting plasma glucose, 1 h-PG 1 h plasma glucose, 2 h-PG 2 h plasma glucose, Parity Number of pregnancies
prior to the current one.

recessive, and allele models. Both crude and adjusted ORs with their respective 95% Cls were calculated for
each model. After adjusting for potential confounders, including age, pre-BMI, gravidity, and parity, all genetic
models demonstrated a significant association with an elevated GDM risk for both SNPs.

For the rs1387153 SNP, the adjusted ORs were as follows: TT vs. CC (OR = 1.857, 95% CI: 1.271-2.712,
P =0.001), CT vs. CC (OR = 1.490, 95% CI: 1.083-2.050, P = 0.014), TT + CT vs. CC (OR=1.595, 95% CI:
1.178-2.160, P=0.003), TT vs. CT + CC (OR=1.421, 95% CI: 1.041-1.939, P=0.027), and T vs. C (OR=1.347,
95% CI: 1.121-1.619, P=0.002).

Similarly, for the rs10830963 SNP, the adjusted ORs were: GG vs. CC (OR=2.087, 95% CI: 1.428-3.051,
P<0.001), CGvs. CC(OR=1.501, 95% CI: 1.104-2.042, P=0.010), GG + CG vs. CC (OR=1.653,95% CI: 1.235-
2.212,P=0.001), GG vs. CG+CC (OR=1.607,95% CI: 1.164-2.220, P=0.004), and G vs. C (OR=1.435,95% CI:
1.193-1.726, P<0.001), as detailed in Table 4.

The impact of gene-age and gene-preBMI interactions on GDM risk
Based on the aforementioned analysis, both MTNRIB rs1387153 and rs10830963, along with advanced maternal
age and elevated pre-BMI, are established risk factors for GDM. To further investigate potential interactions
between these genetic variants and age or pre-BMI, we employed the Gene-Environment Multifactor
Dimensionality Reduction (GMDR) approach for interaction analysis.

In the gene-age interaction analysis, rs10830963 in combination with age emerged as the optimal two-factor
model, demonstrating a significant interaction (cross-validation consistency of 9 out of 10, sample testing
accuracy of 59.09%, and a significant P-value of 0.001); a significant interaction was also observed between
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Fig. 1. The diagnostic efficacy of (A) Age or (B) pre-BMI in GDM.

Marker | Cutoff value | Sensitivity | Specificity | Joden index | AUC | P
Age 30 0.616 0.606 0.222 0.646 | <0.001
preBMI | 21.6755 0.426 0.741 0.167 0.598 | <0.001

Table 2. Diagnostic value of Age or preBMI for GDM.

SNP GeneName | Min/Maj | Chr. position Region MAF (Controls) | HWE (P)
rs1387153 | MTNRIB T/C chr11:92,673,828 | 5'-flanking | 0.453 0.655
rs10830963 | MTNR1B G/C chr11:92,708,710 | intronl 0.414 0.842

Table 3. SNPs information and HWE test in the controls. HWE Hardy—Weinberg equilibrium, Min minor
allele, Maj major allele, MAF frequency of minor allele.

rs10830963, rs1387153, and age (cross-validation consistency of 10 out of 10, sample testing accuracy of 54.30%,
with a significant P-value of 0.011) (Table 5). However, no significant interaction was detected in the gene-pre-
BMI interaction analysis.

Subsequently, a logistic regression model was developed to explore the interactive effects of rs1387153-
age and rs10830963-age on the outcome of GDM (Fig. 2A and B). The results indicated that in women under
the age of 30, the probability of developing GDM increased with age for those with the MTNRIB rs1387153
homozygous variant TT and heterozygous variant CT genotypes compared to the wild-type CC genotype.
Similarly, the probability of GDM was higher for women with the MTNRIB rs10830963 homozygous variant
GG and heterozygous variant CG genotypes compared to the wild-type CC genotype, with the homozygous
mutation showing the most pronounced effect (Fig. 2C and D). However, the impact of MTNRIB rs1387153
and rs10830963 variations on the likelihood of GDM was attenuated in individuals aged 30 and above (Fig. 2E
and F). This suggests that the influence of MTNRIB rs1387153 and rs10830963 genotypes on GDM risk is more
pronounced at a younger age, with the effect diminishing as the population ages.

Age-stratified analysis of the association of rs1387153 and rs10830963 with GDM risk

Building upon our previous findings, we conducted a more refined analysis to determine the association of
the rs1387153 and rs10830963 with the susceptibility to GDM using age-stratified analysis. Notably, in the
group of women under 30 years of age, after adjusting for age and pre-BMI, all genetic models for the MTNRIB
rs1387153 and rs10830963 SNPs showed a significant association with an increased risk of GDM. The ORs for the
rs1387153 SNP were as follows: TT vs. CC (OR=2.969, 95% CI: 1.658-5.315, P<0.001), CT vs. CC (OR=1.964,
95% CI: 1.218-3.168, P=0.006), TT+CT vs. CC (OR=2.186, 95% CI: 1.379-3.466, P=0.001), TT vs. CT+CC
(OR=1.835, 95% CI: 1.155-2.873, P=0.010), and T vs. C (OR=1.587, 95% CI: 1.219-2.066, P=0.001). For the
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Cases (freq) | Controls (freq)

SNP Genetic Models (n=500( (n=502) Crude OR (95% CI) | Crude P | Adjusted OR (95% CI) | Adjusted P
rs1387153 | Codominant model

CcC 107 (0.214) | 146 (0.291) 1 (ref) 1 (ref)

CT 259 (0.518) | 259 (0.516) 1.364 (1.008-1.848) 0.044 | 1.490 (1.083-2.050) 0.014

TT 134 (0.268) | 97 (0.193) 1.885 (1.313-2.705) 0.001 1.857 (1.271-2.712) 0.001

Aelle model

C 473 (0.473) | 551(0.549) 1 (ref) 1 (ref)

T 527 (0.527) | 453 (0.451) 1.355 (1.137-1.615) 0.001 1.347 (1.121-1.619) 0.002

Dominant Model

cc 107 (0.214) | 146 (0.291) 1 (ref) 1 (ref)

TT+CT 393 (0.786) | 356 (0.709) 1.506 (1.130-2.008) 0.005 | 1.595 (1.178-2.160) 0.003

Recessive Model

CT+CC 366 (0.732) | 405 (0.807) 1 (ref) 1 (ref)

TT 134 (0.268) | 97 (0.193) 1.529 (1.136-2.057) 0.005 | 1.421 (1.041-1.939) 0.027
rs10830963 | Codominant model

cc 117 (0.234) | 168 (0.335) 1 (ref) 1 (ref)

CG 254 (0.508) | 251 (0.500) 1.453 (1.084-4.949) 0.013 1.501 (1.104-2.042) 0.010

GG 129 (0.258) | 83 (0.165) 2.232 (1.552-3.208) | <0.001 | 2.087 (1.428-3.051) <0.001

Aelle model

C 488 (0.488) | 587 (0.585) 1 (ref) 1 (ref)

G 512 (0.512) | 417 (0.415) 1.477 (1.238-1.762) | <0.001 1.435 (1.193-1.726) <0.001

Dominant Model

CcC 117 (0.234) 168 (0.335) 1 (ref) 1 (ref)

GG+CG 383 (0.766) | 334 (0.665) 1.647 (1.247-2.174) | <0.001 1.653 (1.235-2.212) 0.001

Recessive Model

CG+CC 371(0.742) | 419 (0.835) 1 (ref) 1 (ref)

GG 129 (0.258) | 83 (0.165) 1.755(1.288-2.391) | <0.001 | 1.607 (1.164-2.220) 0.004

Table 4. The associations between MTNRI1B rs1387153, rs10830963 and GDM risk in the overall subjects.
Adjusted P value calculated by logistic regression with adjustment for age, pre-BMI, gravidity and parity.

Model ‘ Training accuracy | Test accuracy ‘ Cross-validation consistency ‘ Sign Test (P)

Gene-age interactions

Age 0.6133 0.5935 10/10 10 (0.0010)
rs10830963, Age 0.6446 0.5909 9/10 10 (0.0010)
rs1387153,rs10830963, Age 0.6676 0.543 10/10 9 (0.0107)
Gene-preBMI interactions

preBMI 0.8005 0.4362 10/10 2(0.9893)
rs10830963, preBMI 0.8928 0.4926 10/10 3(0.9453)
rs1387153,rs10830963, preBMI | 0.9263 0.5095 10/10 6(0.3770)

Table 5. Analysis of gene-Age and gene-preBMI interactions by GMDR.

rs10830963 SNP, the adjusted ORs were: GG vs. CC (OR=3.066, 95% CI: 1.745-5.388, P<0.001), CG vs. CC
(OR=1.763, 95% CI: 1.128-2.756, P=0.013), GG+ CG vs. CC (OR=2.038, 95% CI: 1.331-3.122, P=0.001),
GG vs. CG+CC (OR=2.118, 95% CI: 1.316-3.410, P=0.002), and G vs. C (OR=1.697, 95% CI: 1.302-2.211,
P<0.001), as detailed in Table 6. However, in the age group 30 years and above, no significant correlation with
GDM risk was observed (Supplementary Table 1). This refined analysis, underscores the MTNRIB rs1387153
and rs10830963 significant genetic predisposition to GDM among younger women.

Association between haplotype and GDM risk

The linkage disequilibrium between the MTNRIB rs1387153 and rs10830963 was notably strong (D’ = 0.80).
Haplotype analysis indicated that there was a significant difference in the frequencies of the haplotypes CC and
TG, formed by rs1387153 and rs10830963, between the GDM and control groups (CC: x2=14.536, P<0.001;
TG: x2=15.764, P<0.001). Notably, these differences remained pronounced in the group of women under the
age of 30 (P<0.001). However, no significant differences were observed in the group aged 30 and above (P> 0.05)
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Fig. 2. Interaction between the MTNRIB rs1387153, rs10830963 polymorphism and age (in years) in
determining GDM. (A) The interaction of rs1387153 with age in the overall subjects. (B) The interaction of
rs10830963 with age in the overall subjects. (C) The interaction of rs1387153 with age in the age <30 years
subjects. (D) The interaction of rs10830963 with age in the age < 30 years subjects. (E) The interaction of
rs1387153 with age in the age > 30 years subjects. (F) The interaction of rs10830963 with age in the age > 30
years subjects.

(Table 7). This analysis underscores the potential MTNRI1B rs1387153 and rs10830963 genetic markers that may
predispose younger women to GDM.

Associations between GRSs based on MTNR1B rs1387153 and rs10830963 and GDM risk

We compared the GRSs of two types between the GDM group and the control group. It was observed that the
GRSs of GDM-affected pregnant women were significantly higher than those of the control group (P<0.001,
results not shown). Furthermore, both the SC-GRS and DL-GRS were divided into four parts based on quartile
intervals. As depicted in Fig. 3, the overall analysis indicates that as the SC-GRS score increases, so does the risk
of GDM (all OR > 1, P<0.05). Regardless of covariate adjustment, the risk of GDM for the SC-GRS > 3 group (the
highest quartile) was at least twice that of the SC-GRS < 1 group (the lowest quartile) (OR=2.218, 95% CI: 1.515-
3.265, P<0.001; adjusted OR=2.077,95% CI: 1.393-3.113, P<0.001). For the DL-GRS, except for the group with
scores between 0.716 and 1.033 (the third quartile), which showed no significant difference, the effects on GDM
risk were similar to those of the SC-GRS. The DL-GRS>1.033 group (the highest quartile) had at least twice
the GDM risk of the DL-GRS<0.317 group (the lowest quartile) (OR=2.341, 95% CI: 1.625-3.391, P<0.001;
adjusted OR=2.223, 95% CI: 1.516-3.274, P<0.001) (Fig. 4). Particularly in the subgroup of individuals under
30 years of age, similar results were obtained. It is noteworthy that in the subgroup of individuals under 30
years of age, the risk of GDM for the SC-GRS >3 group was at least three times that of the SC-GRS<1 group
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Cases (freq) | Controls (freq)

SNP Genetic Models (n=193) (n=303) Crude OR (95% CI) | Crude P | Adjusted OR(95% CI) | Adjusted P
rs1387153 | Codominant model

CcC 33(0.171) 90 (0.297) 1 (ref) 1 (ref)

CT 112 (0.580) 165 (0.545) 1.851 (1.162-2.949) 0.010 | 1.964 (1.218-3.168) 0.006

TT 48 (0.249) 48 (0.158) 2.727 (1.550-4.798) 0.001 | 2.969 (1.658-5.315) <0.001

Aelle model

C 178 (0.462) | 345 (0.568) 1 (ref) 1 (ref)

T 207 (0.538) | 262 (0.432) 1.531 (1.185-1.980) 0.001 1.587 (1.219-2.066) 0.001

Dominant Model

CcC 33(0.171) 90 (0.297) 1 (ref) 1 (ref)

TT+CT 160 (0.829) | 213 (0.703) 2.049 (1.308-3.208) 0.002 | 2.186 (1.379-3.466) 0.001

Recessive Model

CT+CC 145 (0.751) | 255 (0.842) 1 (ref) 1 (ref)

TT 48 (0.249) 48 (0.158) 1.759 (1.122-2.755) 0.014 | 1.835(1.155-2.873) 0.010
rs10830963 | Codominant model

cc 42(0.218) | 107 (0.353) 1 (ref) 1 (ref)

CG 103 (0.534) 155 (0.512) 1.693 (1.096-2.616) 0.018 | 1.763 (1.128-2.756) 0.013

GG 48 (0.249) 41 (0.135) 2.983 (1.723-5.163) | <0.001 | 3.066 (1.745-5.388) <0.001

Aelle model

C 186 (0.483) | 370 (0.610) 1 (ref) 1 (ref)

G 199 (0.517) | 237 (0.390) 1.670 (1.291-2.162) | <0.001 1.697 (1.302-2.211) <0.001

Dominant Model

CcC 42 (0.218) 107 (0.353) 1 (ref) 1 (ref)

GG+CG 151 (0.782) 196 (0.647) 1.963 (1.296-2.973) 0.001 |2.038(1.331-3.122) 0.001

Recessive Model

CG+CC 145 (0.751) | 262 (0.865) 1 (ref) 1 (ref)

GG 48 (0.249) | 41 (0.135) 2.115(1.331-3.363) | 0.002 |2.118 (1.316-3.410) 0.002

Table 6. The associations between MTNRI1B rs1387153, rs10830963 and GDM risk in the age <30 subjects.
Adjusted P value calculated by logistic regression with adjustment for age and pre-BMI.

Group | Haplotype | Cases (freq) | Controls (freq) | x* P OR (95% CI)
Overall | CC 423 (0.423) | 510 (0.507) 14.536 | <0.001 | 0.710 (0.595-0.846)
TG 462 (0.462) 376 (0.374) 15.764 | <0.001 | 1.434 (1.200-1.714)
CG 50 (0.05) 41 (0.04) 0.97 |0.324 1.236 (0.810-1.886)
TC 65(0.065) | 77 (0.076) 1.04 |0.307 | 0.836(0.594-1.178)
Age<30 | CC 161 (0.417) 320 (0.528) 11.622 | <0.001 | 0.639 (0.494-0.827)
TG 182 (0.471) | 212(0.349) 14.578 | <0.001 | 1.658 (1.277-2.151)
CG 17 (0.044) 25(0.041) 0.045 | 0.831 1.070 (0.570-2.009)
TC 26 (0.067) 49 (0.08) 0.614 | 0.432 0.82 (0.501-1.345)
Age>30 | CC 262 (0.426) 190 (0.477) 2.509 | 0.113 0.814 (0.632-1.049)
TG 280 (0.456) 164 (0.412) 1.895 | 0.168 1.196 (0.926-1.543)
CG 33(0.053) 16 (0.04) 0.961 | 0.326 1.356 (0.736-2.497)
TC 39(0.063) | 28 (0.07) 0.182 | 0.669 | 0.896 (0.542-1.481)
Table 7. Haplotype analysis of the rs1387153 and rs10830963 SNPs of the MTNRI1B gene for the GDM and
controls.

(OR=3.218,95% CI: 1.781-5.878, P<0.001; adjusted OR=3.383, 95% CI: 1.840-6.295, P<0.001). Similarly, the
DL-GRS>1.033 group had at least three times the GDM risk of the DL-GRS<0.317 group (OR=3.231, 95% CI:
1.859-5.683, P<0.001; adjusted OR=3.319, 95% CI: 1.882-5.928, P<0.001) (Fig. 4). However, in the subgroup
of individuals aged 30 and above, no significant differences were observed (Supplementary Table 2). This
suggests that the genetic variants MTNRIB rs1387153 and rs10830963 may have a greater impact on GDM risk
in individuals under 30 years of age, with the influence of these genetic variations diminishing as age increases.
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Score Case( freq) Control( freq)

OR@©5%Cl) P OR (95 % CI)* p*
SC-GRS
<1 1.000 1.000
131(0.262) 187(0.373)
1-2 _ 1.504 (1.122-2.021) 0.007 —. 1.588 (1.167-2.167) 0.003
215 (0.430) 204 (0.406)
2-3 P S— 1.645 (1.046-2.596) 0.032 = 1.741 (1.085-2.804) 0.022
53(0.106) 46 (0.092)
>3 = 2.218 (1.515-3.265) < 0.001 = 2.077 (1.393-3.113) < 0.001
101(0.202) 65 (0.129)
Additive model - 1.292 (1.144-1.462) <0.001 | —W— 1.271(1.119-1.447) < 0.001
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0.716-1.033 — = 1.350 (0.758-2.396) 0.305 - 1.417 (0.778-2.575) 0.252
27(0.054) 30 (0.060)
>1.033 - 2.341 (1.625-3.391) < 0.001 = 2.223 (1.516-3.274) < 0.001
128 (0.256) 82 (0.163)
Additive model - 1.295(1.151-1.460 ) < 0.001 | —M— 1.272 (1.124-1.442) < 0.001
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Fig. 3. The association of GRS with GDM risk in the overall subjects. *Adjusted by age, pre-BMI, gravidity and

parity.

Score Case(freq) Control(freq)

OR (95%Cl) P

OR(©95%Cl* P*

SC-GRS
<1

44 (0.228) 118(0.389)
1-2
92 (0.477) 129(0.426)

1.000

1.913 (1.240-2.979) 0.004

1.000

1.976 (1.267-3.115) 0.003

2-3 = 2.166 (1.102-4.242) 0.024 L 2.304 (1.153-4.592) 0.017
21(0.109) 26(0.086)
>3 L 3.218 (1.781-5.878)< 0.001 L 3.383 (1.840-6.295) <0.001
36 (0.187) 30(0.099)
Additive model —a— 1.457 (1.210-1.761)< 0.001 | —— 1.486 (1.227-1.806) <0.001
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<0.317 1.000
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97 (0.503) 141(0.465)
0.716-1.033 —T 1.425 (0.566-3.403) 0.434 L ] 1.585 (0.618-3.869) 0.320
9(0.047) 17(0.056)
>1.033 L 3.231(1.859-5.683) <0.001 = 3.319 (1.882-5.928) <0.001
48 (0.249) 40(0.132)
Additive model —— 1.424 (1.192-1.705) <0.001 | —— 1.441 (1.201-1.735) <0.001
0 05 1 15 2 25 3 35 4 45 5 55 0 05 1 15 2 25 3 35 4 45 5 55 6
Odds Ratio Odds Ratio

Fig. 4. The association of GRS with GDM risk in the age < 30 years subjects. *Adjusted by age and pre-BMIL.

Clinical value of multifactorial prediction of GDM by SNPs, age, and pre-BMI

Based on our study and previous research, the MTNRI1B SNPs rs1387153 and rs10830963, along with age and
pre-BMI, have been identified as major risk factors for GDM. Integrating these factors into clinical practice,
we constructed a predictive model for GDM using MTNRIB rs1387153, rs10830963, age, and pre-BMI. The
model’s parameter, C-Statistics, was 0.682, and a nomogram was developed for practical application. To
assess and validate the model’s performance, the Hosmer-Lemeshow goodness-of-fit test was visualized by
constructing a calibration curve. The results indicated that the predicted and observed rates were closely aligned,
nearly coinciding with the Y=X line, with an absolute error of 0.013 between the simulated and actual curves,
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demonstrating a strong consistency and indicating good model calibration. Further evaluation of the predictive
model’s clinical utility was conducted using DCA. The DCA demonstrated that the “nomogram” curve was
above the blue line, suggesting that the nomogram model could provide clinical benefit to patients. Based on the
DCA results, a clinical impact curve (CIC) was constructed to assess the nomogram’s clinical efficacy. The CIC
indicated that the nomogram had a superior net benefit and a practical threshold probability range, particularly
within the high-risk threshold of 0.4 to 1, where the “Number high risk” curve closely matched the “Number
high risk with event” curve, indicating the predictive model’s good predictive value (Fig. 5). we constructed a
predictive model for GDM using MTNRIB rs1387153, rs10830963, age, and pre-BMI. The model’s parameter,
C-Statistics, was 0.682. We further constructed separate predictive models for GDM for different age groups.
The results showed that the parameter, C-statistic, for the model in the group under 30 years old was 0.678
(Supplementary Fig. 1); for the group aged 30 and above, the C-statistic was 0.618 (Supplementary Fig. 2). For
the two genetic variations of MTNRIB rs1387153 and rs10830963, they play a more important role in predicting
GDM in younger pregnant women.

Association between genotype and blood glucose levels

In the final analysis, we examined the impact of MTNRIB rs1387153 and rs10830963 genotypes on blood glucose
levels during the oral glucose tolerance test (OGTT). The results indicated that individuals with the rs1387153 TT
and CT genotypes exhibited a significantly higher 1-hour glucose level compared to those with the CC genotype
(P<0.05). Additionally, the TT genotype showed a significantly higher 2-hour glucose level compared to the
CC genotype (P<0.05). For the rs10830963 variant, the GG genotype was associated with significantly higher
FPG, as well as 1-hour and 2-hour glucose levels compared to the CC genotype (P <0.05). The CG genotype also
demonstrated a significantly higher 1-hour glucose level compared to the CC genotype, and the GG genotype
had significantly higher 1-hour and 2-hour glucose levels compared to the CG genotype (Fig. 6). Notably, in
the age group under 30 years, the differences in glucose level at 1-hour and 2-hour remained significant among
the groups (Fig. 7). However, in the age group 30 years and above, only the rs10830963 GG genotype showed a
significantly higher 1-hour glucose level compared to the CC genotype (P <0.05), with no other groups showing
significant differences (P>0.05) (Supplementary Fig. 3). This analysis elucidates the genotype-specific effects
on glucose response during OGTT and highlights the age-related nature of these genetic influences on glucose
metabolism.

Discussion

Melatonin and its receptor MTNRIB play a significant role in glucose homeostasis. During pregnancy, the
role of MTNRIB gene variants in blood glucose metabolism not only affects fasting blood glucose and early
insulin release during pregnancy, also profoundly influences postprandial blood glucose and the conversion of
proinsulin’®. The G risk allele of rs10830963 is associated with increased expression of MTNRIB in pancreatic
beta cells, which may enhance the melatonin effect that impairs insulin secretion®.

In this study, we demonstrated that the MTNRI1B rs10830963 C > G polymorphism, in linkage disequilibrium
with the MTNRIB rs1387153 C>T, is significantly associated with the risk of GDM and high blood glucose
levels, with evidence of age heterogeneity. Following the initial discovery by Kim et al. in 2011 that two variants
within the MTNRIB locus, rs10830963 and rs1387153, were significantly associated with GDM risk!®, multiple
studies, including ours, have shown a significant correlation between genetic variations in MTNRIB and the
occurrence of GDM"7-19,

In this study, the p-values for the five genetic models at the rs10830963 locus were all less than 0.05, and
the OR were all greater than 1, indicating a high correlation between the mutant G allele and the risk of GDM,
consistent with previous research!”!82021. Additionally, a large-scale analysis of Chinese pregnant women
found that MTNRIB is the most important signal for all blood sugar traits, including the previously unreported
OGTT1H and OGTT2H!8. This study also confirmed that the levels of FPG, OGTT1H, and OGTT2H were
significantly higher in individuals with the GG genotype at rs10830963 than those with the CC genotype,
especially in pregnant women under the age of 30 years, the impact of the G allele at rs10830963 on the increase
in blood sugar concentrations during OGTT1H and OGTT2H.

Previous research has found that the rs1387153 variant promotes the development of GDM!'®1722, and this
study also shows that the risk allele T at rs1387153 significantly increases the risk of GDM. Furthermore, while
previous studies have found an association between the rs1387153 locus and elevated FPG?, but this study found
that individuals with the T'T genotype at rs1387153 had significantly higher levels of OGTT1H and OGTT2H
compared to those with the CC genotype in pregnant Chinese women. It may be the variation at rs10830963,
which is in linkage disequilibrium with rs1387153, has a greater impact on postprandial blood sugar in pregnant
women.

Although there is a considerable amount of research on the association between MTNRIB gene variants
and GDM, most of it is based on analyses conducted in the general population and at the genetic level alone,
potentially lacking more comprehensive evidence. Therefore, our study adds to the literature by examining gene-
age interactions and providing a more refined and comprehensive analysis.

Our study further tested the age-rs1387153-rs10830963 interaction and found a significant interaction, but
the size of the genetic effect gradually decreased with increasing age. The impact of these genetic variations is
more pronounced in pregnant women aged <30 years. Stratified analysis by age, haplotype analysis, and GRSs
analysis further support this view, especially for the homozygous variants of rs1387153 and rs10830963, where
the risk of GDM is approximately three times that of the wild type. The highest scoring group of SC-GRS and DL-
GRS has more than three times the risk of GDM compared to the lowest scoring reference group. Additionally, in
our analysis, the positive correlation between SC-GRS and DL-GRS and the risk of GDM is evident; the higher
the GRS quartile, the higher the likelihood of GDM. This dose-response relationship between GRS and GDM
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Fig. 5. Construction and validation of a nomogram model for GDM diagnosis in the overall subjects. (A) The
diagnostic efficacy of combining age, pre-BMI, MTNRIB rs1387153, and rs10830963 in GDM. (B)Nomogram
to predict the occurrence of GDM. (C) Calibration curve to assess the predictive power of the nomogram
model. (D) DCA curve to evaluate the clinical value of the nomogram model. (E) Clinical impact curve based
on the DCA curve to assess the nomogram model.
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Fig. 6. Association between SNPs polymorphisms genotype and plasma glucose levels in the overall subjects.
(A) rs10830963. (B) rs1387153. FPG fasting plasma glucose, 1 h-PG 1 h plasma glucose, 2 h-PG 2 h plasma
glucose. *P<0.05, **P<0.01, ***P <0.0005, ***P <0.0001.

risk suggests a potential cumulative effect of genetic variations on GDM susceptibility. However, no statistical
differences in the above indicators were found in pregnant women aged > 30 years. At the same time, MTNRI1B
variants significantly increased the postprandial blood glucose levels of young pregnant women during OGTT.

Similar to the mechanisms involved in the development of T2DM, the pathogenesis of glucose intolerance
or GDM during pregnancy mainly includes two pathological mechanisms: B-cell dysfunction and abnormal
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Fig. 7. Association between SNPs polymorphisms genotype and plasma glucose levels in the age <30 years
subjects. (A) rs10830963. (B) rs1387153. FPG fasting plasma glucose, 1 h-PG 1 h plasma glucose, 2h-PG 2 h
plasma glucose. *P<0.05, **P<0.01, ***P < 0.0005.

insulin resistance. It is worth noting that in senile diabetes T2DM, the main cause of B-cell dysfunction is
likely due to the long-term burden of insulin secretion, which is obviously related to aging®*; whereas in GDM,
pregnant women are relatively young, and B-cell dysfunction is more likely to be caused by genetic defects
related to insulin secretion function. In vitro and in vivo studies have shown that melatonin and its receptors
have a direct effect on the function of pancreatic p-cells, among which the common rs10830963 G variant of the
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MTNRIB receptor is most likely to be associated with impaired pancreatic -cell secretory function®; Similarly,
studies have shown that the impact of the MTNRIB-1s10830963 polymorphism on fasting blood glucose levels
is greater in young people, and diminishes in the elderly, to the point where no statistically significant effect is
found in the elderly population?. Additionally, Holzapfel et al. analyzed the correlation of this polymorphism in
children and adolescents, finding that each G allele was associated with an increase in fasting blood glucose by
0.205 mmol/L (3.69 mg/dL) (P <0.0001). Therefore, they concluded: “The effect size in children and adolescents
appears to be stronger than in adults” This conclusion supports our results regarding age interaction, as well
as our observation that the impact is greater in younger populations than in older adults?®. In summary, all of
these results tend to suggest that the MTNRIB rs10830963 G variant has a stronger inhibitory effect on insulin
secretion in younger populations, especially in GDM. Our study further confirms that the MTNR1B rs10830963
G variant significantly increases the level of postprandial blood glucose and the risk of GDM in populations
under 30 years old, which is likely related to its variant’s inhibition of insulin secretion in pregnant women. It is
particularly interesting to note that there is no significant correlation between MTNRIB variation and the risk
of GDM in women aged 30 and above. This may mean that other factors become more influential in regulating
the risk of GDM in the age group of 30 and above. These may include reduced insulin sensitivity, changes in
glucose metabolism, increased prevalence of obesity, other genetic variations, and age-related metabolic changes
that may mask the effects of MTNRIB genetic variation?*. Collectively, the age-specific association of MTNRIB
variants with GDM risk may be related to the differential impact of genetic and environmental factors on glucose
metabolism across age groups. In younger women, genetic factors such as MTNRIB variants may play a more
prominent role in impairing insulin secretion, leading to a higher risk of GDM. In contrast, in older women,
other factors such as reduced insulin sensitivity, age-related metabolic changes, and increased prevalence of
obesity may overshadow the effects of MTNRIB variants. This is consistent with previous studies showing
that the impact of MTNRIB variants on fasting glucose levels is more pronounced in younger individuals and
diminishes with age?>%.

Therefore, in previous studies, this gene-age interaction was obscured in large cohorts. According to our
study results, although a strong gene-age interaction was observed in the overall analysis, if we do not target
the age-gene interaction analysis between MTNRI1B-rs10830963 polymorphism and age as our further analysis
goal, the correlation between MTNRI1B-rs10830963, rs1387153 and GDM and OGTT blood glucose in the
entire population has significant statistical significance. However, despite the association between MTNRIB-
rs10830963, rs1387153 and GDM has been widely described in other studies, and the novelty of our re-research
is precisely that the MTNR1B-rs10830963, rs1387153 risk variants are not associated with GDM and OGTT
blood glucose in older pregnant subjects (=30 years old), but are significantly associated with GDM in pregnant
women under 30 years old. Therefore, our study results may help to re-analyze the correlation of published
MTNRI1B-rs10830963, rs1387153 polymorphisms in other cohorts, and better characterize their heterogeneity
in age and population. This may help to obtain more accurate information for future precision medicine or
precision nutrition”. Our study results emphasize the necessity of age-specific risk assessment for GDM,
especially in young women who may have a higher genetic risk.

However, this study also has limitations. First, due to the fact that only a small portion of the subjects agreed
to have fasting insulin levels tested, we have a severe shortage of data on fasting insulin, and thus lack valid
analysis data for the relationship between MTNRIB-rs10830963, rs1387153 genotypes and insulin resistance
index (HOMA-IR) and pancreatic -cell function index (HOMA-B). In subsequent studies, this part of the data
should be supplemented to provide direct evidence of the impact of MTNRIB variations on insulin secretion.
Additionally, since the study only focused on the interaction between genes and Age and pre-BMI, it neglected
the potential impact of other factors on the occurrence of the disease, resulting in a slightly lower test and
prediction efficiency of the comprehensive prediction model, and no external validation was conducted.
Additionally, hypertension, a known risk factor for GDM, was not measured in this study. In future studies, more
other potential risk factors should be collected and included, and a better prediction model should be established
using a larger dataset from different centers. By conducting more comprehensive and in-depth research, the
research results can be extended to clinical practice.

Conclusion

The MTNRIB rs1387153 and rs10830963 polymorphisms interact with age to influence the occurrence of GDM,
and their risk variants increase the risk of GDM in Chinese women, potentially having a cumulative effect on
GDM susceptibility, especially in pregnant women under 30 years old, but show no correlation in those aged 30
and above.

Data availability
All data generated or analysed during this study are included in this published article and its supplementary
information files.
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