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 Single nucleotide polymorphisms (SNPs) play a crucial role in 

distinguishing disease-prone individuals. Identifying SNPs that affect 

protein stability is crucial. IRAK1 is one of the genes associated with 

Systemic Lupus Erythematosus susceptibility (SLE). This study aimed to 

identify nsSNPs within the IRAK1 gene that influence protein structure 

and function as a risk factor for SLE disease. Several in silico servers 

were used, including SIFT, PolyPhenv2, PROVEAN, SNAP, PhD-SNP, 

and Panther. Furthermore, nsSNPs identified as potentially harmful were 

investigated further using I-Mutant. The GeneMania server was used to 

identify gene interactions in order to determine whether the effect of 

existing polymorphisms was due to interactions with other genetic 

factors. Four nsSNPs with missense mutations in the human IRAK1 

gene were identified: rs10127175, rs11465830, rs1059702, and 

rs1059703. Using the SIFT server, each of the four nsSNPs is tolerant. 

The Polyphen server's results demonstrated that the four SNPs were all 

benign. According to server data from Provean, four SNPs were all 

neutral. The SNAP server resulted one SNP to have no effect and three 

others to have an effect. Four SNPs on the PhD-SNP server were neutral. 

The Panther server yielded four SNPs all likely benign. According to the 

I-Mutant server analysis, four SNPs have the potential to reduce protein 

stability (decrease). There are nsSNPs of the IRAK1 gene, rs10127175, 

rs11465830, rs1059702, and rs1059703, that impair protein stability and 

are risk factors for SLE disease. 

 

 

 

   

 

This work is licensed under a Creative Commons Attribution Non-Commercial 4.0 

International License. 

 

 

1. Introduction 

SLE is an autoimmune disorder characterized by the excessive production of antibodies [1]. The 

pathogenesis of SLE is influenced by genetic, hormonal, and environmental factors, particularly UV light 

[2], among others. One of the leading causes of SLE is genetic variation [3]. 

 

SNPs are the most prevalent type of genetic variation in the human genome and are widely used in 
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quantitative association studies with complex diseases [4]. The majority (90%) of genetic polymorphisms in 

the human genome are SNPs, which are single base pair changes in the allele and are the most prevalent 

type of DNA sequence variation. SNPs in the coding region of the human genome are extremely important, 

and this region contains approximately 500,000 SNPs [5]. Non-synonymous SNPs (nsSNPs), also known as 

missense SNPs, are particularly significant because they cause amino acid residue substitutions that lead to 

functional diversity in human proteins [6]. Functional variation can have detrimental or neutral effects on 

the structure or function of proteins [7]. Negative effects may include destabilizing protein structure, 

altering gene regulation, affecting protein charge, geometry, hydrophobicity [8], stability, dynamics, 

translation, and inter/intra protein interactions [6], [9], [10], thereby risking the structural integrity of the 

cell [11]. 

 

Identifying SNPs among thousands of SNPs in a candidate gene is difficult [12]; therefore, it is important to 

make an initial selection of SNPs to analyze according to their functional significance, using bioinformatics 

prediction tools that distinguish between neutral and protein-stability-altering SNPs [13], [14]. One attempt 

to determine the relationship between variations in genetic sequences and their effect on the structure and 

function of proteins using in silico methods. In comparison to costly, time-consuming, and labor-intensive 

experimental tests to identify the effects of some nsSNPs, the in silico method can be used as a preliminary 

tool to analyze the effects of nsSNPs [15]. 

 

The Interleukin-1 receptor-associated kinase (IRAK1) gene is located on the region of chromosome Xq28 

that has been identified as a risk locus for Systemic Lupus Erythematosus (SLE) [16]. IRAK1 is a serine-

threonine kinase that acts downstream of the interleukin 1 receptor to regulate NF-kB, a significant 

transcription factor involved in SLE disease pathogenesis. IRAK1 is also involved in the TLR (Toll-like 

receptor) signaling pathway that activates innate immunity, this mechanism contributes to the pathogenesis 

of SLE [17]. SNPs in the IRAK1 gene have been associated independently with SLE risk in Asian and 

European populations [16]. 

 

rs1059703 was one of the SNPs of the IRAK1 gene associated with SLE in European American (EA), 

Hispanic (HA), and Asian (AS) subjects, but the association was not significant in patients of African 

ancestry. In addition, they attributed the association of rs1059703 with SLE in EA, AS, and HA to 

rs1059702 because rs1059703 and rs1059702 were in strong linkage disequilibrium (LD) in these 

populations, whereas it was low in patients of African descent [16]. The objective of this study was to 

identify nsSNPs of the IRAK1 gene that affect protein structure and function and serve as risk factors for 

SLE. 

 

2. Methods 

 

2.1 Data source 

The SNPs of the IRAK1 gene were accessed via the NCBI SNP database 

(https://www.ncbi.nlm.nih.gov/SNP/) (accessed April 21, 2022). The primary sequence of the protein 

encoding the IRAK1 gene (NCBI Reference Sequence: NP 001560.2) was obtained from the UniProt 

database. Only missense nsSNPs were chosen because they can alter the amino acid sequence encoded by 

the protein and potentially interfere with its structure and function. 

 

2.2 Bioinformatic software to predict protein-damaging nsSNPs 

Several web-based applications were utilized to identify the damaging missense nsSNPs associated with the 

IRAK1 gene. First, missense nsSNPs of the IRAK1 gene were subjected to Sorting Intolerant from Tolerant 
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(SIFT; http://sift.bii.a-star.edu.sg/) and Polymorphism Phenotyping v2 (PolyPhen v2). Based on sequence 

alignment and homology [18], SIFT predicts whether amino acid substitutions have damaging effects on 

protein function. SIFT provides a probability score of a new amino acid at a given position, and scores 

below or equal to a threshold of 0.05 are considered damaging, whereas predictions above the threshold are 

regarded as tolerant [18- 20]. PolyPhen v2 predicts the likely impact of nsSNPs based on sequence, 

structural conformation, and phylogenetic features defining the substitution. The output of PolyPhen v2 is a 

prediction indicating the substitution as likely damaging, possibly damaging, or benign, along with a 

numeric score ranging from 0.0 (benign) to 1.0 (damaging) [21]. 

 

nsSNPs identified as damaging by the SIFT and PolyPhen v2 servers were then continued with the Protein 

Variation Effect Analyzer (PROVEAN; http://provean.jcvi.org) server, SNAP server for predicting the 

impact of amino acid changes (SNAP; https://rostlab.org/services/snap/), Predictor of human damaging 

SNPs (PhD-SNP; http://snps.biofold.org/phd-snp/phd-snp.html). PROVEAN examines the effects of 

sequence variation on a protein's function [22], and a PROVEAN score of 2.5 indicates that an amino acid 

variant has a damaging effect, whereas variants with a score greater than 2.5 are considered to have a 

neutral effect on the protein. SNAP is a neural network-based method that classifies all nsSNPs into 

damaging and neutral [23] using in silico obtained sequence-based information. PhD-SNP is based on 

support vector machines (SVMs), which predict whether point mutations in humans are neutral 

polymorphisms or linked to genetic disorders [24]. Panther (http://www.pantherdb.org) is a resource for 

altered and functional protein-coding gene classification [25]. 

 

2.3 Prediction of the effect of nsSNPs on protein stability by I-Mutant 3.0 

The I-Mutant 3.0 software (http://gpcr.biocomp.unibo.it/cgi/predictors/I-Mutant3.0/I-Mutant3.0.cgi) was 

used to assess the effect of nsSNPs on protein stability. I-Mutant 3.0 is intended to predict the effect of 

SNPs on the free energy change value (Delta Delta G: DDG) of a protein based on its sequence or tertiary 

structure [24], [26]. Delta Delta G (DDG) is the Gibbs free energy change, and the folding free energy 

change can be predicted from the free energy difference between the folded structures of the wild-type and 

I-mutant proteins [27]. The output of I-Mutant 3.0 is a DDG value classified into one of two categories 

(Binary Classification (SVM2)): unstable (DDG 0 kcal/mol) or stable (DDG > 0 kcal/mol).  

 

2.4 Gene interaction 

Identification of gene-gene interactions to determine if there is a correlation between polymorphism effects 

and gene-gene interactions. Following the finding of numerous disease-associated polymorphisms by 

genome-wide linkage analysis, there is a growing interest in the detection of polymorphism effects resulting 

from interactions with other genetic factors [28]. GeneMANIA (http://www.genemania.org) predicts gene 

function and generates information such as shared gene expression pattern, shared localization, shared 

protein domains, and involved pathways [29], as well as predicting the IRAK1 gene's interaction network. 
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Figure 1: Research Algorithm 

 

3. Results 

 

3.1 Retrieval of nsSNPs from NCBI SNP database 

The nsSNPs of the IRAK1 gene that were analyzed systematically in this work were obtained from the 

NCBI SNP database. In the database, 3642 SNPs were reported for the human IRAK1 gene. After 

restriction using Missense and Global MAF in the range of 0.01-0.9, ten missense SNPs were generated. 

Six of the ten missense SNPs were omitted due to data merging with other SNPs. 

 

Our work focused on missense nsSNPs because detrimental nsSNPs can have structural and functional 

effects on proteins. Four nsSNPs in the human IRAK1 gene, rs10127175, rs11465830, rs1059702, and 

rs1059703, are possibly detrimental (table 1). The server Polyphen revealed that all four SNPs were benign. 

According to the Provean software, all SNPs were expected to be neutral. From the PhD-SNP software, four 

SNPs were neutral. Using Panther software, four SNPs were possibly benign. Based on I-Mutant, four SNPs 

were all able to decrease protein stability. 

 

Table 1. Destructive nsSNP predictions using several software tools 

SNP ID 

Amino 

acid 

change 

SIFT 

SCORE 

SIFT 

predictio

n 

Polyphe

n score 

Polyph

en 

predicti

on 

Prove

an 

score 

Provea

n 

predicti

on 

SNAP 

predicti

on 

PhD-

SNP 

predicti

on 

Panther  

rs10127175 C203S 0.41 Tolerated 0.014 Benign 0.394 Neutral Neutral Neutral probably benign 

rs11465830 R194H 0.22 Tolerated 0.000 Benign 0.364 Neutral Effect Neutral probably benign 

rs1059702 F196S 0.44 
Tolerated 

Tolerated 
0.000 Benign 1.704 Neutral Effect Neutral probably benign 

rs1059703 S532L 1 Tolerated 0.000 Benign 0.622 Neutral Effect Neutral probably benign 

 

Based on the results of the In Silico test performed using several servers, three nsSNPs have the potential to 

cause changes in the structure and function of proteins. This can be seen in the SNAP server results, where 

three nsSNPs, namely rs11465830, rs1059702, and rs1059703, have predicted effects (impact) that have the 

potential to affect the protein's structure or function. 
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3.2 Prediction of the effect of nsSNPs on protein stabilization by I-Mutant 3.0 

The I-Mutant server was used to analyze whether the selected missense nsSNPs increased or decreased 

protein stability. According to the I-Mutant server, four nsSNPs (rs10127175, rs11465830, rs1059702, and 

rs1059703) with DDG values less than 0 were unstable and impaired protein stability. Table 2 demonstrates 

the findings of the I-Mutant server. 

 

Table 2. protein stabilization prediction with I-Mutant 3.0 

SNP ID Amino acid change DDG value Prediction Effect 

rs10127175 C203S -1.39 decrease 

rs11465830 R194H -0.89 decrease 

rs1059702 F196S -0.45 decrease 

rs1059703 S532L -0.42 decrease 

 

3.3 Gene-gene interactions 

GeneMania predicts gene function and generates data such as physical interactions, co-expression, co-

localization, genetic relationships, common protein domains, and involved pathways [29]. Figure 2 

represents the gene-gene interaction network predicted by GeneMANIA for the IRAK1 gene. 

 

 
Figure 2. Gene interaction using GeneMania 

 

Figure 2 demonstrates that the IRAK1 gene interacts with numerous additional genes. TLR5 is highly 

related with co expression. The most significant genetic connection with MYD88. 

 

3.4 Expression quantitative trait loci (eQTL) 

To examine the expression of the IRAK1 gene in human tissues, expression quantitative trait loci (eQTL) 

were analyzed using GtexPortal (https://gtexportal.org/home/), which generates information regarding gene 

expression levels in various tissues. The eQTL annotation includes the most apparent functional effects of 

genetic variation [30]. 
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Fig 3. Expression of IRAK1 gene in different human tissues according to the GTEx database project 

(https://www.gtexportal.org/home). 

 

3.5 Expression of important quantitative trait loci (Important eQTLs) for the IRAK1 gene. 

The search for the IRAK1 gene using GtexPortal yielded 755 eQTLs that were dispersed across 17 tissues. 

There were 194 dominant variations in thyroid tissue, 125 in Brain - Cerebellar Hemisphere, 111 in Nerve - 

Tibial, 97 in Esophagus - Muscularis, to the least with two variants in Heart - Left Ventricle. Table 3 shows 

the results for tissues with IRAK1 gene expression.  

 

Table 3. Gene expression in tissues 

No  Tissues  SNP 

1 Thyroid  194 

2 Brain - Cerebellar Hemisphere  125 

3 Nerve - Tibial  111 

4 Esophagus - Muscularis  97 

5 Brain - Nucleus accumbens (basal ganglia)  46 

6 Heart - Atrial Appendage  37 

7 Minor Salivary Gland  33 

8 Brain - Putamen (basal ganglia)  26 

9 Prostate  16 

10 Brain - Spinal cord (cervical c-1)  14 

11 Pancreas  14 

12 Brain - Caudate (basal ganglia)  13 

13 Artery - Tibial  8 

14 Brain - Cortex  7 

15 Esophagus - Mucosa  6 

16 Small Intestine - Terminal Ileum  6 

17 Heart - Left Ventricle  2 

 Total   755 

 

4. DISCUSSION 

From the NCBI SNP database, 3642 SNPs for the IRAK1 gene were obtained. With the restriction of 

Missense criterion and the Global MAF range of 0.01-0.9, 10 missense SNPs were identified. Six of the ten 

missense SNPs were omitted due to data merging with other SNPs. Additional research was undertaken on 

missense SNPs that may influence structural and functional alterations in proteins. Human IRAK1 contains 
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four potentially harmful nsSNPs: rs10127175, rs11465830, rs1059702, and rs1059703. 

 

Several computational approaches were used to predict harmful IRAK1 nsSNPs. Initially, PolyPhen was 

analyzed using PROVEAN, SNAP, PhD-SNP, and Panther to look for missense nsSNPs of the IRAK1 gene 

that were considered damaging by SIFT. Three nsSNPs were discovered to be harmful using these four 

software, namely rs11465830, rs1059702, and rs1059703. These results are in line with a study that 

reported that there is an association between SNP rs1059702 of the IRAK1 gene and the incidence of SLE 

[31]. A study found that the IRAK1 gene SNPs rs1059702 and rs1059703 were significantly associated 

with the risk of autoimmune diseases [32]. A study also found an association between SNP rs1059703 [33] 

and SLE susceptibility. 

 

Rs1059702 is the most likely SLE susceptibility variant. The S196F amino acid substitution in IRAK1 

caused by the rs1059702 risk allele has previously been shown to increase NF-B activity in vitro16. 

 

rs1059703 in the IRAK1 gene, which results in the replacement of leucine with serine at position 532, has 

been demonstrated to have enhanced autophosphorylation levels and NF-kB activity in vitro compared to 

the wild type [34]. Another study in an Egyptian population indicated that the GG genotype was more 

common in controls than in SLE patients, whereas the AA, AG, and A genotypes were more common in 

SLE patients than in controls, and these differences were statistically significant [33]. 

 

IRAK1 regulates the immune response and also regulates each other at various levels to ensure steady-state 

immune hemostasis. IRAK1 activates NF-κB in response to Toll like receptor (TLR)/interleukin 1 ligands, 

hence IRAK1 increases the expression of inflammatory genes [35]. This is supported by the fact that 

IRAK1-deficient mice are less susceptible to autoimmunity, In addition, TGF-β induction of Foxp3+ Treg 

is more efficient in IRAK-deficient CD4+ T cells1 [36].  

 

In mice, IRAK1 deficiency suppresses SLE-associated phenotypes, such as IgM and IgG autoantibodies, 

lymphocytic activation, and renal disease, and reverses the "hyperactivity" of dendritic cells associated with 

the lupus susceptibility interval [37]. 

 

The IRAK1 (rs1059703) SNP genotype and allele frequency analysis using the G allele as the reference 

allele revealed that SLE patients had a lower frequency of homozygous GG genotypes compared to healthy 

controls (8% vs. 30%), and a higher frequency of heterozygous AG and homozygous AA genotypes 

compared to healthy controls (42% vs. 25%, respectively, OR = 6.30, 95% CI = 1.91-20.79 and 50% vs. 

45%, OR = 4.17, 95% CI = 1.32-3.19); this association was significant (p = 0.0029). AG+ AA carriers 

represented 92% of SLE cases and 70% of controls. This relationship was significant (p< 0.05) in 

codominant, dominant, and overdominant inheritance models. The A allele was found in 71.0% of SLE 

patients and 58% of healthy controls (OR=1.773, 95% CI=1.059-2.968, p=0.029) [33]. 

 

The analysis of four missense SNPs using I-Mutant revealed that all four nsSNPs (rs10127175, rs11465830, 

rs1059702, and rs1059703) have DDG values less than 0, indicating that the SNPs are unstable and can 

reduce protein stability, thereby altering the protein's structure and function. 

 

These findings support the conclusion of previous in silico studies that SNPs of the IRAK1 gene that are 

absent confer susceptibility to SLE.  

 

The interaction network of the IRAK1 gene predicted by GeneMANIA shows that the IRAK1 gene 
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interacts a lot with other genes, especially the MYD88, PELI2, and IRAK3 genes. The MyD88 gene is a 

canonical adaptor for inflammatory signaling pathways that are downstream of TLR and IL-1 family 

members [38]. IRAK1 is a serine/threonine kinase that is involved in the initiation of the innate immune 

response to pathogens [39]. A study reported an interaction between IRAK1 and MyD88 with susceptibility 

to severe invasive pneumococcal disease [40]. IRAK1 is widely expressed, with the highest levels found in 

blood and immune tissues (e.g., bone marrow, lymph nodes, thymus, and peripheral blood), as well as in 

hematologic malignancies [41]. IRAK signaling contributes to several signaling pathways downstream of 

the Toll-interleukin receptor (TIR) that ultimately regulate NF-κB and IFN regulatory factors (IRFs) [42]. 

IRAK1 mediates signaling downstream of TIR in the case of NF-kB by interacting with MYD88, which is 

rapidly recruited to the receptor upon ligand binding to IL-1R or TLR. Subsequent phosphorylation of 

IRAK1 by upstream signals or through autophosphorylation is a key post-translational modification and a 

hallmark of its activation, allowing IRAK1 to bind TRAF6 resulting in the release of the IRAK1 

homodimer from MYD88 and activation of downstream NF-κB [43]. 

 

5. CONCLUSION 

This In Silico test suggests that rs10127175, rs11465830, rs1059702, and rs1059703 of the IRAK1 gene are 

SLE disease risk factors. Utilizing bioinformatic tools is advantageous in terms of cost and time, but 

validation through experimental testing is still required. 
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