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ABSTRACT 

Methylation risk scores (MRS) have emerged as promising tools in the 

realm of personalized medicine, offering insights into disease 

susceptibility, prognosis, and treatment purpose. DNA methylation, an 

essential epigenetic modification, plays a vital role in regulating gene 

expression, genomic stability, and cellular identity. This review 

provides a comprehensive overview of the current understanding of 

DNA methylation dynamics, encompassing its mechanisms, regulation, 

and functional implications. In this we come to know about the DNA 

Methylation and Methylation risk score (MRS), highlighting their 

methodologies, applications and methylation associated with multiple 

diseases. Genetic risk scores (GRS) are extensively used for risk 

prediction as well as in association and interaction studies. Recently, 

interest has been increasing in transferring GRS approaches to DNA 

methylation data (methylation risk scores, MRS), which can be used 1) 

as biomarkers for environmental exposures, 2) in association analyses 

in which single CpG sites do not achieve significance. Finally, we 

discuss the constructing methylation-based risk scores, and examine their performance in 

diverse disease contexts, such as gestational diabetes and breast cancer. This review serves as 

a comprehensive guide for researchers and clinicians alike, illuminating the current landscape 

of MRS research and charting future directions towards their clinical implementation and 

impact on patient care. 
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INTRODUCTION TO METHYLATION 

DNA methylation, a significant epigenetic mechanism, can alter the function of a DNA 

segment without making alterations in its sequence through the addition of a methyl group to 

cytosine residues.
[1] 

DNA methylation is a reversible alteration to DNA that entails the 

covalent linking of methyl groups (CH3) to the fifth carbon position of cytosine by enzymes 

known as DNA methyltransferases.
[2] 

Certain CpG sites exhibit a vigorous correlation 

between DNA methylation levels and age, while at other sites, alterations in DNA 

methylation occur in response to environmental factors. Among these influences, the impact 

of smoking on DNA methylation is extensively reported.
[3,4,5,6]

 DNAm is primarily detected 

through the transformation of unmethylated cytosines with sodium bisulphite to uracil, 

allowing methylated and unmethylated cytosines to be distinguished using array-based or 

sequencing-based technologies. The assessment of by array technology is cheaper and more 

high-throughout than by sequencing.
[7] 

The methylation-wide association study (MWAS) data 

sets are many-fold minute than genome-wide association study (GWAS) data sets that rely 

firstly Single nuclear polymorphism (SNP) array data.
[8]

 Epigenome-wide association studies 

(EWAS) have proven effective in pinpointing numerous cytosine guanine dinucleotide sites 

(CpGs) linked to diverse diseases. These findings hold promise for applications such as 

disease detection and prognosis, the recognition of drug targets, and the estimation of drug 

reactions.
[9,10,11,12,13,14]

 

 

While the DNA sequence is constant cell types throughout lifetime (other than somatic 

mutations), DNAm be distinguishable between cell types (within an individual) and between 

people (within a cell type) for multiple reasons.
[15]

 Biomarkers of DNA methylation 

influenced by environmental risk factors could pave the way for novel methods to swiftly 

assess the effectiveness of lifestyle interventions, benefaction valuable feedback to both 

clinicians and patients.
[16] 

Methylation risk scores (MRS) are specify as aggregated values 

obtained from the beta values of selected CpG sites within an individual's methylation 

profile. They serve multiple purposes, incorporate acting as indicators of environmental 

exposures like smoking.
[17,18]

 The predominant polygenic method includes enrol weighted 

genetic risk scores (GRS), also referred to as polygenic risk scores (PRS). These scores are 

calculated as weighted totals of risk alleles from a predetermined group of single nucleotide 

polymorphisms (SNPs).
[19]

 In a recent examination, findings revealed that a risk model 

amalgamating lung cancer polygenic risk scores (PRS), a smoking-related methylation score 

(MS), and environmental variables like pack years, signify enhanced predictive capability for 
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lung cancer compared to models comprises separate scores. The joint model yielded a higher 

accuracy (AUC joint=0.654) than those utilizing individual scores (AUCPRS=0.571, 

AUCMS=0.628), with the considerable increase in AUC primarily attributable to the 

methylation score.
[20] 

In In the context of Pancreatic Cancer (PC), researchers have 

reconnoitred DNA methylation as a procedure linked to tumorigenesis, influencing both 

genome stability and the regulation of gene transcription.
[21]

 Especially for complex diseases, 

GRS are statistically strong to test for marginal genetic effects and gene–environment 

interaction result, as well as to predict individual trait values or risks of disease.
[22]

 Utilizing 

DNA methylation as a biomarker presents several advantages compared to other epigenetic 

modifications. These include, but are not limited to, heightened sensitivity and dynamic 

range, multiple altered sites within each targeted region, and a vast array of targeted regions 

within a disease context.
[23] 

 

METHODS 

P+T Method 

A commonly employed strategy in the field of genetics to address single nucleotide 

polymorphisms (SNPs) that reveal high linkage disequilibrium (LD) and to determine 

optimal p-value thresholds for accurate prediction is the pruning and threshold (P+T) 

method.
[24] 

 

Within the P+T procedure, the correlation square (R2) is computed for SNPs situated in close 

genetic proximity, and less statistically significant SNPs correlated with an R2 exceeding a 

specified threshold (LD pruning) are eliminated.
[25] 

Following that, various p-value thresholds 

are evaluate to optimize the predictive accuracy of the resulting PRS (p-value threshold 

optimization)
[26,27]

 In theory, while the P + T method could be employed to obtain MRS, there 

exists no established protocol for conducting pruning in DNAm data, and the efficacy of such 

MRS across diverse ancestral backgrounds is yet to be determined. Here, we suggest to use 

the Co-Methylation with genomic CpG Background (CoMeBack) approach, which employs a 

sliding window technique to gauge DNA co-methylation, in order to address connection 

among DNAm at adjacent CpG sites.
[28]

 We carried out simulation studies using data from an 

adult cohort consist of three distinct ancestral groups (Indian, White, and Black, n = 1,199) to 

assess the predictive capabilities of the P+T CoMeBack. MRS and its variations across 

diverse ancestral populations. Afterwards, we implemented the P+T CoMeBack methodology 

on DNAm data from the Drakenstein Child Health Study (n = 260).
[29]

 In the P+T CoMeBack 
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method, MRS computation involves informed co-methylation pruning (P) utilizing 

CoMeBack and subsequent P-value thresholding (T). firstly, summary statistics derived from 

an EWAS (typically encompassing effect size, standard error, and P-value for each CpG site) 

must be evaluate in an independent dataset (training dataset) to mitigate overfitting. These 

statistics are then use to generate MRS within a testing dataset (samples employed for MRS 

performance evaluation). Within our P+T CoMeBack method, co-methylation pruning is 

carried out by applying CoMeBack to DNAm data within the testing dataset or a reference 

panel.
[30] 

 

Microarray – based DNA methylation profiling 

In a technique called bisulfite methylation profiling (BiMP), bisulfite-treated DNA undertake 

whole genome amplification (WGA) employing random tetranucleotide primers, enzymatic 

fragmentation, and subsequent microarray hybridization.
[31]

 The microarray design involves 

using differentially labelled oligonucleotide pairs that are complementary to the unaltered 

methylated sequence. Consequently, methylation is identified as a signal, and discrepancies 

arising from the conversion of unmethylated cytosines do not build a signal. However, this 

technique often yields a low hybridization signal overall and may not be suitable for regions 

with minimal methylation. The Infinium approach follows a similar sample preparation 

protocol, which includes bisulfite modification of genomic DNA followed by WGA.
[32,33]

 The 

DNA is subsequently hybridized onto Bead Chip microarrays, which are equipped with 

oligonucleotide pairs targeting certain CpG sites. One pair is complementary to the 

unchanged, methylated sequence, while the other targets the converted unmethylated 

sequence. Following hybridization, a polymerase chain reaction (PCR) reaction is conducted 

utilizing fluorescently labelled universal PCR primers, enabling identification of methylation 

levels by comparing the fluorescence emitted by each dye. While most microarray platforms 

feature a standard array of probes covering a library of CGIs, certain companies offer custom 

microarrays to accommodate diverse experimental designs and promote methylation analysis 

of CGIs and/or organisms not covered by standard arrays. Looking ahead to the era of 

personalized medicine custom microarrays will prove invaluable for analysing specific 

individual methylation signatures. 

 

- Microarray expression profiling 

Genome-wide methylation profiling of samples showing diseased and normal state in search 

for biomarkers can be costly and time consuming. Therefore, some investigators prefer to 



www.wjpr.net      │     Vol 13, Issue 9, 2024.      │     ISO 9001:2015 Certified Journal      │ 

 

 

 

Jagtap et al.                                                                         World Journal of Pharmaceutical Research 

532 

narrow down the search using an expression-array through treatment with demethylating 

agents such as 5-aza-2′-deoxycytidine
[34,35]

 This method facilitates the identification of genes 

exhibiting signs of methylation-dependent gene regulation in a diseased state, aiding in the 

comprehension of disease pathobiology and progression. It also identifies potential 

biomarkers, namely genes reactivated after treatment. However, this approach is vulnerable 

to yielding false outcomes and is not deemed a reliable indicator of DNA methylation. This is 

due to the fact that treatment with demethylating drugs alters the expression of numerous 

genes that might not be associated with the disease state and can induce the expression of 

additional secondary targets. Hence, methylation profiles of candidate biomarkers identified 

through this approach undergo moreover validation using alternative strategies. 

 

APPLICATIONS 

1. DNAm data could be used to present patients with objectively quantified outcomes, 

potentially enhancing the likelihood of successful behaviour quantification through 

positive reinforcement. 

2. Additionally, Methylation profile scores (MPS) could aid in clinically identifying 

treatment failure, particularly when DNAm data are assessed before and after therapeutic 

intervention. 

3. Although longitudinal datasets spanning several time points are uncommon, recent 

research has revealed distinct DNAm signatures linked to therapeutic intervention within 

4–12 weeks of commencement.
[36,37]

 

4. Phenotype recognition finds applications in forensic science, particularly in cases where a 

biological sample is available but the associated individual remains unidentified. Unlike 

DNA profiling, which serves as evidence, MPS can complement suspect profiling in the 

investigative process (as DNA profiling becomes sufficient once a person is identified). In 

criminal investigations, demographic traits are important for offender identification. 

While highly heritable traits like height can be anticipate from genetic data, less heritable 

traits such as weight or body mass index (BMI) might be more prefectly predicted by 

MPS or a combination of MPS and PGS.
[38,39]

 

5. Smoking constitute a crucial risk factor in epidemiological analyses. In cases where 

smoking status is not documented, accurate prediction of smoking can be gained from 

DNAm data, with an AUC statistic of 0.98 (where AUC represents the probability that a 

smoker ranks higher than a non-smoker on the MPS).
[40,41,42,43,44]
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6. Prognosticating, unrecorded phenotypes holds significance in association studies, wherein 

incorporating confounding variables can aid in mitigating the false-positive rate.
[45,46]

 

7. Body weight loss has also been linked to differences in DNA.
[47]

 

 

METHYLATION RISK SCORES 

Identifying trait prediction using DNAm data necessitates a minimum of two distinct datasets 

containing measurements of both genome wide DNA m and the trait under investigation. The 

MWAS "discovery" sample is employed to pinpoint DNAm probes associate with the trait, 

producing a roster of probes and their respective weights. These findings can be used to 

formulate a MPS for each individual within the separate "target" sample. The effectiveness of 

trait prediction is asses by examining the correlation between the MPS and the directly 

measured trait in the target sample. For both MPS and PGS, there's no essential for the scores 

to signify functional or causal mechanisms; rather, it's essential that an association is 

observed in independent datasets. For both PGS and MPS, the precision of prediction may be 

constrained, yet the information conveyed by the scores could still prove valuable. Enhancing 

the accuracy of prediction can be obtained by integrating PGS, MPS, and other recognized 

risk factors. Even with such a merged predictor, the likelihood of high prediction error for a 

specific individual remains probable, thereby suggesting utility primarily at the level of 

stratification, where a high-risk group will be enriched with individuals who subsequently 

develop the disease. We employ the term "trait prediction" for MPS cautiously, as it's crucial 

to highlight a fundamental difference between MPS and PGS. While PGS can be computed at 

birth and remains constant throughout one's lifetime (unless the SNPs and their weights used 

in constructing the PGS are updated), MPS is subject to variability since measured DNAm 

levels can fluctuate. Consequently, any trait-specific MPS for an individual has the capability 

to change over their lifetime. Therefore, considerably more deliberation is necessary, in 

comparison to PGS applications, regarding the timing of biological sample collection (e.g., 

blood) in the discovery, target, and final application samples to regulate whether the 

developed MPS can genuinely be regarded as a predictor of future events.
[48,49] 

 

POLYGENIC RISK SCORE – PRS 

The PRS consist of a collection of independent risk variants associated with a disorder, 

relying on current evidence gleaned from the most substantial or most informative genome-

wide association studies. For every individual, the count of risk alleles carried at each variant 

(0, 1, or 2) is totalled, with weighting found on its effect size (i.e., log (OR) for binary traits 
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or beta coefficient for continuous traits). This yields a singular score representing each 

individual's genetic predisposition for a disease or a continuous trait.
[50] 

 

Various techniques subsist for computing polygenic risk scores. Among these are 

'clumping/pruning and thresholding' procedure, which involve identifying a condensed set of 

genetic variants through pruning situate on linkage disequilibrium and taking into account 

evidence of association with the studied trait (clumping). Polygenic risk scores are 

subsequently calculated by summing over all SNPs meeting particular p-value thresholds or 

sets of thresholds, as exemplified in PRSice (11) and PLINK (12).
[51,52]

 There is growing 

recognition that genetic risk scores not only encapsulate genetic information but also 

comprises environmental factors. This is evidenced in family-based studies demonstrating 

that contributions from the PRS computed utilizing non-transmitted alleles of parents also 

impact offspring phenotypes. This phenomenon of 'genetic nurture’, recommend for instance, 

that educational attainment is influenced not only by the genetics of the offspring but also by 

the non-transmitted genetics of the parents, which may shape the family environment.
[53]

 

 

DNA METHYLATION ASSOCIATED WITH VARIOUS DISEASES 

Gestational Diabetes 

Type 2 Diabetes Mellitus (T2DM) affects approximately 10.5% of the global population aged 

20 to 79 years. T2DM poses a significant threat to both individual health and healthcare 

systems due to its numerous obstacles and the substantial healthcare expenses it incurs. 

Additionally, it ranks among the top ten leading causes of mortality worldwide.
[54] 

 

Throughout pregnancy, insulin resistance escalates to ensure a sufficient glucose supply to the 

offspring. However, if pancreatic beta cells fail to compensate by secreting sufficient insulin, 

it can lead to hyperglycaemia and Gestational Diabetes Mellitus (GDM), distinguish by the 

onset of hyperglycaemia during pregnancy.
[55]

 Certain epigenome-wide association studies 

(EWAS) direct the involvement of epigenetic mechanisms in the development of T2DM (5–

7). Genetic risk scores (GRS) have seen developing utilization in evaluating disease 

susceptibility, including for T2DM.
[56,57] 

 

-Methods 

A subset of 480 women was selected from the STORK Groruddalen (STORK G) pregnancy 

cohort, which comprised 823 healthy women of various ethnic backgrounds (European, 

South Asian, African, Middle Eastern, and South American) attending three different Child 
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Health Clinics in the Groruddalen area of Oslo, Norway, between 2008 and 2010 (13). Ethnic 

origin was recognized based on either the individual's country of birth or their mother's 

country of birth if the latter was born outside of Europe. The EPIPREG subgroup included 

312 European subjects (EPIPREG_EU), of which 73 were diagnosed with GDM, and 168 

South Asians (EPIPREG_SA), of which 68 were diagnosed with GDM. European and South 

Asian ancestry was examine using genetic principal components (14). Fasting blood samples 

were collected, and a 75g oral glucose tolerance test (OGTT) was offered to all women 

(universal testing) around week 28 ± 2 of pregnancy. For this study, GDM was classified 

according to slightly modified International Association of the Diabetes and Pregnancy 

(IADPSG) criteria (fasting glucose ≥ 5.1 mmol/l and/or 2-hour glucose ≥ 8.5 mmol/l, as 1-

hour glucose values were not available).
[58,59,60]

 

 

-Methylation risk score 

To generate the weighted DNA methylation risk score (MRS) for T2DM in our sample, we 

male use of summary data from CpG sites identified in an EWAS of T2DM across five 

prospective European cohorts (n = 5,859) (7, 18–21). The regression coefficients for the 

EWAS of T2DM were derived from β-values. Subsequently, we calculated the MRS for each 

of the identified CpG sites obtainable in our two cohorts. Due to QC filters applied to CpGs 

in each cohort, only 42 out of 72 CpG sites could be included in the MRS. The MRS was 

constructed by multiplying the regression coefficient from the EWAS of T2DM with 

individual β-values in EPIPREG and EPIDG (EPIPREG-EU, EPIPREG-SA, and EPIDG). 

Subsequently, we clumped the individual scores for each of the 42 CpG sites to obtain the 

MRS.
[61,62,63,64]

 

 

Breast Cancer 

DNA Methylation score forecast the breast cancer risk. Breast cancer (BC) appear in the 

epithelial tissues of the breast gland and stands as the most prevalent form of cancer in 

women. It obvious with symptoms including the presence of a breast lump, deformity of the 

breast, skin dimpling, and nipple discharge.
[65]

 Primary risk factors for BC comprise a family 

history of the disease, vulnerability to ionizing radiation, obesity, sedentary lifestyle, 

excessive alcohol and tobacco use, early onset of menstruation, and delayed childbirth or 

infertility.
[66]

 DNA methylation can enable the development and progression of cancer by 

triggering aberrant gene expression and genomic instability. perception of methylation is 

crucial for identifying individuals susceptible to tumor development.
[67,68]

 Incorporating a 
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polygenic risk score comprises numerous single nucleotide polymorphisms can enhance the 

predictive capability of the Breast Cancer Surveillance Consortium risk model. This aids in 

choosing the most acceptable treatment modalities for patients with breast cancer.
[69,70,71] 

 

- Data source 

From the TCGA database (https://cancergenome.nih.gov/) accessed on September 10, 2019, 

methylation data for breast cancer (BC) was extracted, used the Illumina Infinium Human 

Methylation 450 BeadChip platform. Following alignment with accessible clinical 

information, a total of 872 samples were included in this study as the training set, comprising 

776 BC samples with survival prognosis details and 96 normal samples. Additionally, 

methylation data from the GSE37754 dataset, also utilizing the Illumina Infinium Human 

Methylation 450 BeadChip platform, was acquire from the Gene Expression Omnibus (GEO) 

database. Within GSE37754, there were 62 BC samples with survival prognosis information 

and 10 normal samples, creating the validation set. Utilizing the clinical prognosis 

information of the 776 BC samples in the training set, differentially methylated regions 

(DMRs) significantly correlated with prognosis were recognized through univariate Cox 

regression analysis using the R package survival.
[72] 

Employing the Cox-Proportional Hazards 

(Cox-PH) model in the R package penalized19 (version 0.9.50), we selected the optimal 

fusion of independent prognosis-associated DMRs based on their methylation levels. The 

parameter "lambda" in the model was fine-tuned through 1000 cycles of calculation utilizing 

cross-validation likelihood (cvl).
[73,74] 

Based on the prognostic coefficients and methylation 

levels of the DMRs in the optimal combination, we established the backing risk score system: 

The risk score (RS) for each sample in the training set was enumerate, followed by 

categorization of the samples into high-risk and low-risk groups based on the median RS 

value. Subsequently, the Kaplan-Meier (KM) method in the survival package was utilized.
[75] 

 

We extracted the methylation levels of the DMRs significantly correspond with prognosis 

from the training set. Subsequently, we calculated the Pearson correlation coefficients (PCCs) 

of the methylation levels between the lncRNAs and mRNAs among, these DMRs operate the 

cor.test function.
[76] 

 

 

 

 

 

 

https://cancergenome.nih.gov/
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