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Alpha-2 Heremans Schmid Glycoprotein (AHSG) is a glycoprotein with a known renoprotective role. The
pathophysiology of kidney stones may be influenced by the gene's polymorphism. The purpose of the
study is to investigate the potential role of AHSG gene mutations in the aetiology of kidney stones by
applying bioinformatics methods to analyse the AHSG gene's silica analysis. Using its protein accession,
IDs and their FASTA amino acid sequences, which were collected from NCBI, in silico analysis of SNPs of the
AHSG gene was performed. The research was conducted using the bioinformatics programmes SIFT, PolyPhen-
2, and I mutant 3.0.

SIFT analysis of AHSG gene SNPs showed that 39% of mutations were tolerable and 61% were harmful. A
PolyPhen-2 analysis revealed 21% benign and 79% probably damaging. On I mutant analysis, 25% of the
SNPs led to enhanced stability whereas 75% of them led to decreased thermodynamic stability. The data
strongly suggests that the pathobiology of kidney stones may be influenced by the harmful effects of
mutations on AHSG as well as their decreased stability as anticipated by the bioinformatics techniques.
The examination of the AHSG gene by wet study in individuals with kidney stone disease may validate this.

1. Introduction

Kidney disease has increased exponentially over the last two
decades. Kidney stones are one of the most common urinary tract
problems (Gudulkar et al., 2020).

Alpha-2-Heremans Schmid Glycoprotein (human AHSG), a serum-
based inhibitor of vascular calcification that is generated by the
liver and secreted in high amounts (0.5-1.0 g/1), is responsible for
about 50% of the inhibition of calcium and phosphorous
precipitation (Jahnen-Dechent ef al., 1997; Schinke et al., 1996).
Patients with end-stage renal disease had decreased AHSG serum
concentrations, and lower serum concentrations have been
independently linked to an increased risk of cardiovascular and all-
cause death in this population (Ketteler et al., 2003).

A significant inhibitor of extraosseous calcification is the serum
glycoprotein known as AHSG. It has been shown that AHSG is
significant because it causes extraosseous calcification in all parts
of the body, including the kidney. It is still unclear exactly how
AHSG protects the kidneys from nephrocalcinosis. Nephrocalcinosis
in the proximal tubules can be prevented in part by the intratubular
AHSG.

Single nucleotide polymorphisms (SNPs) are about 90% genetic
variations in 3-billion base long human genome that result in
alterations to the DNA sequence (A, T, C, or G). (Lee et al., 2005).
Both coding and non-coding regions of the genome are affected by
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SNPs. SNPs can have consequences ranging from having no effect on
cell function, to causing disease, to altering the way drugs interact
with the body. They are of particular concern given that non-
synonymous SNPs (nsSNPs) that cause amino acid substitutions in
protein products are responsible for approximately half of all genetic
variations associated with inherited diseases in humans (Krawczak
et al., 2000).

Nevertheless, coding synonymous SNPs (sSNPs) and non-coding
SNPs (sSNPs) can influence transcription factor binding, splicing
and gene expression (Prokunina ef al., 2004; Stenson et al., 2009).

SNPs detection essential due to their cause on particular traits.This
is a challenging undertaking because it calls for the assessment of
tens of thousands of SNPs in potential genes (Ramensky et al.,
2002). Choosing SNPs to examine the significance of an SNP in
disease is challenging descision. In such circumstances, separating
functional from neutral SNPs may be possible using bioinformatics
prediction algorithms. They might also reveal the structural basis
of the mutations. Simply put, these bioinformatics algorithms rank
SNPs according to their functional significance (Emahazion et al.,
2001; Schork et al., 2000).

The use of bioinformatic techniques for in silico genetic analysis
eliminates the need to screen large numbers of people to identify
genetic disease associations with sufficient statistical significance.
In other words, these techniques support SNP preselection
(Ramensky et al., 2002).

It would be very helpful, if disease-associated SNPs could be
separated from neutral SNPs before using wet lab-based approaches.
In silico analysis is useful, if future independent studies fail to
establish disease associations (Emahazion et al., 2001). As a result,
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additional resources can be deployed to distinguish between true
positives and false positives using independent evidence of SNP
function discovered through the application of predictive
algorithms. /n silico analysis of AHSG gene may be useful in
establishing a cause and effect relationship of AHSG with kidney
stone disease.The proposed work aimed to study all the single
nucleotide polymorphisms (SNPs) of AHSG gene that resulted due
to missense mutations and association with the renal stone disease.
Analysis also reveals the structural basis of mutations. These
bioinformatics tools are nothing but tools to prioritize SNPs
according to their functional significance .

By using bioinformatic methods for in silico genetic analysis, it is
possible to demonstrate associations between genes and diseases
at statistically significant levels without having to screen significant
numbers of individuals.These technologies aid in the pre-selection
of SNPs, in other words.The purpose of the project is to analyse
the AHSG gene in silico using bioinformatics tools including sorting
the intolerant from tolerant (SIFT), PolyPhen-2, and I-mutant in
order to investigate the potential role of these genes’ mutations in
the actiology of kidney stone disease.

2. Materials and Methods
2.1 Methodology

2.1.1 Evaluation of the functional impact of coding nsSNPs
using a sorting intolerant from tolerant (SIFT) sequence
homology tool

SIFT can be accessed at sift.jcvi.org (Ng and Henikaff, 2003). Query
sequences are analyzed, and various alignment information are used
to predict legal and harmful substitutions at each point of the query
sequence. This involves, for a given protein sequence, first searching
for related sequences, then selecting closely related sequences that
may have similar functions, and then multiplexing these selected
sequences. It is a multi-step process of obtaining alignments and
finally computing the normalized probabilities of all potential
permutations, each position from the orientation. If the normalized
probability is less than 0.05, intolerance or harmful substitution is
predicted to occur. Acceptable substitutions are predicted, if the
normalized probability is greater than 0.05 (and Henikaff, 2006).

The study was performed by allowing the algorithm to search for
homologous sequences using default settings (UniProt-TrEMBL
39.6 database, average sequence conservation of 3.00, removing
sequences with >90% match to query sequence function is
identical). The SIFT approach determines whether amino acid
changes affect protein function. It works by exploiting the
physicochemical properties of amino acid residues and the sequence
homology between related genes and domains. A web program was
used to sort intolerance from tolerance and record the total number
of non-intronic missense mutations, RS numbers, and positions of
SNPs on the chromosome for AHSG in a format suitable for analysis
(SIFT).

As the query sequence, the filtered nsSNPs from the dbSNP database
were examined. The query sequence was the FASTA amino acid
sequence of the NCBI protein accession id for AHSG.

2.1.2 Using PolyPhen-2, evaluate the functional impact of
coding nsSNPs

PolyPhen-2 (Polymorphism Phenotyping v2) is a tool which
predicts possible impact of an amino acid substitution on the
structure and function of a human protein using straightforward
physical and comparative considerations. The PolyPhen-2
score represents the probability that a substitution is damaging, so
values nearer one are more confidently predicted to be deleterious.
SIFT and PolyPhen-2, which rely on database selection because
they use sequence comparisons from BLAST searches, work
similarly to PROVEAN (Choi et al., 2012; Kono et al., 2018).
PolyPhen-2, like SIFT, collects groups of highly similar sequences
from the NCBI database for non-redundant protein sequences (nr).

Using the given query sequence, a BLAST (Altschu et al., 1990;
Camacho et al., 2009). Search is conducted as the initial phase of
PolyPhen-2. This software has acquired two points, “probably
damaging,” and “ benign,” respectively, based on scores ranging
from “0” to “1”. 0-0.5 indicates benign, 0.6 to 1 indicates probably
damaging.

This typically yields thousands of matches for different taxa. These
sequences are grouped into clusters based on a 75% sequence
similarity threshold to prevent duplicates. Support sequence sets
can be saved and analyzed individually. The computer reports the
predicted functional category (harmful or potentially harmful) based
on PolyPhen-2 scores and sensitivity and specificity.

There is no category for advantageous impacts, even though it is
feasible for a mutant protein to have a higher mean alignment score
than the wild type. When determining the functional impact of
common versus disease-causing human protein variations, this
threshold was set to maximise sensitivity (detection) and specificity
(accuracy) (Choi and Chan, 2015).

2.1.3 Analyzing the functional effects of nsSNP coding I mutant
3.0

Mutant 3.0 is a tool that uses support vector machines (SVMs) to
automatically predict the impact of single point mutations on protein
stability. Both the protein structure and, more importantly, the protein
sequence are used as starting points for the I-mutant 3.0 prediction.
For all three tools, SIFT, PolyPhen-2 and I Mutant, amino acid
sequences are obtained from protein accession IDs in in silico analysis
of single nucleotide polymorphisms in the AHSG gene.

3. Results

In NCBI reference protein isoform 2 sequence: NP_001613.2.0ut
ofthe 274 number coding variants (100%) identified by SIFT analysis
of the AHSG gene, 268 coding variations are anticipated (97%), 165
were tolerated (61%), 103 were harmful (39%), 268 were non-
synonymous (97%), 6 were synonymous (3%), and 256 were novel
97%).

The SIFT scale runs from 0 to 1. SNPs with a SIFT score of less than
or equal to 0.05 are deemed harmful, whereas those with a value
higher than that are deemed tolerable. The optimal range for the
median information is between 2.75 and 3.5. This is used to gauge
the diversity of the prediction sequences. An indicator indicating
the prediction was based on closely similar sequences is a number
larger than 3.25. The number of sequences at a certain place is



known as the number of sequences at prediction. SIFT makes
automatic sequence selections. If the substitution is located at the
beginning or end of the protein, there may be only few sequences
represented at that position and this column indicates this fact.

Proof ratings for the chosen SNPs that were less negative than -2.5
indicated neutral mutations. 50% of the mutations were neutral,
and 50% were harmful. The number of SNPs discovered by
PolyPhen-2 analysis to be harmful is higher than that discovered
by SIFT analysis. This might be because the PolyPhen-2 tool can
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also evaluate amino acid changes and deletions in addition to
insertions and deletions.

DDG values of binary classification of SNPs of genes with values 0
implied a lower stability in I mutant suite 3.0 study. Only 15% of
alleles exhibited enhanced stability after mutation, while 85% of
SNPs showed a decrease in stability. According to this investigation,
the majority of mutations, whether harmful or neutral, led to a
reduction in protein stability.

Tablel : Showing SIFT,PolyPhen-2 and I mutant 3.0 results of AHSG gene

SNPs Coordinates Amino acid | Prediction SIFT SVM2 DDG Poly Sensitivity
Substitution Score | Prediction| Vale Phen-2 &
Effect: |Predic-| score Specificity
tion

rs746165143 3,186333488,1,G/C E76D damaging 0.03 Decrease -0.29 0.61 (sensitivity: 0.87;
specificity: 0.91)

rs1018718165 | 3,186333532,1,T/G VI1G damaging 0.01 Decrease 2.4 0.644 (sensitivity: 0.87;
specificity: 0.91)

rs775522111 3,186331139,1,C/G P70R damaging 0.02 Decrease -0.61 0.737 (sensitivity: 0.85;
specificity: 0.92)

rs756960189 | 3,186333483,1,G/A G75R damaging 0 Decrease -0.29 0.797 (sensitivity: 0.84;
specificity: 0.93)

rs766181399 | 3,186333505,1,T/C 182T damaging 0.01 Decrease -1.9 0.82 (sensitivity: 0.84;
specificity: 0.93)

rs754467302 | 3,186331106,1,C/A T59N damaging 0.03 Decrease -1.08 0.835 (sensitivity: 0.84;
specificity: 0.93)

rs551743520 3,186335109,1,G/C QI181H damaging 0.04 Decrease -1.54 0.865 (sensitivity: 0.83;
specificity: 0.93)

rs1282991554 | 3,186337718,1,T/C F250L damaging 0.04 Decrease -0.56 0.899 (sensitivity: 0.82;
specificity: 0.94)

rs754601222 3,186336346,1,G/C V199L damaging 0 Decrease -0.4 0.94 (sensitivity: 0.80;
specificity: 0.94)

rs140827890 | 3,186335056,1,G/A A164T damaging 0.04 Decrease -0.71 0.951 (sensitivity: 0.79;
specificity: 0.95)

rs1233480935 | 3,186335089,1,A/G N175D damaging 0.02 Decrease -0.26 0.963 (sensitivity: 0.78;
specificity: 0.95)

rs573820635 | 3,186336338,1,C/T S196F damaging 0.01 Decrease -0.84 0.972 (sensitivity: 0.77;
specificity: 0.96)

rs747550722 | 3,186338624,1,C/T R337W damaging 0.04 Decrease -0.79 0.978 (sensitivity: 0.76;
specificity: 0.96)

rs570498140 | 3,186338633,1,C/T R340C damaging 0.01 Decrease -0.71 0.978 (sensitivity: 0.76;
specificity: 0.96)

rs1031255291 | 3,186333565,1,T/C V102A damaging 0 Decrease -1.36 0.98 (sensitivity: 0.75;
specificity: 0.96)

rs960090053 | 3,186331137,1,G/T W69C damaging 0.02 Decrease -1.46 0.983 (sensitivity: 0.74;
specificity: 0.96)

rs781729678 | 3,186335116,1,G/A E184K damaging 0 Decrease -0.93 0.987 (sensitivity: 0.73;
specificity: 0.96)

rs775843967 | 3,186334235,1,G/A V1101 damaging 0 Decrease -0.3 0.99 (sensitivity: 0.72;
specificity: 0.97)

rs1253935270 | 3,186331073,1,T/C 148T damaging 0 Decrease -2.23 0.992 (sensitivity: 0.70;
specificity: 0.97)
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4. Disscussion

Protein structure, stability, and subsequent function are affected
by mutations. Mutations are part of the “raw materials” of
evolution. Negative purifying selection, on the other hand, eliminates
most, if not all, protein mutations, reducing the potential for future
adaptation. Only a small part of is fixed to take on new functionality.
Due to randomness or “neutral drift”, neutral mutations can be
stochastically modified in small populations. The effects of muta-
tions on fitness at the organismal level are complex and rarely
correlate with single gene or protein traits. Redundancy, backups
and resilience at multiple levels mask the impact of large numbers
of changes (Wagner et al.,2013). Indeed, understanding and predicting
the effects of mutations at the organismal level is a major challenge
in evolutionary biology (Pal et al., 2006; Camps et al., 2007).

The amount of functional protein present affects protein stability.
Studies of pathogenic mutations have found that stability and folding
effects account for 80% of the deleterious consequences of
pathogenic mutations (Yue et al., 2015). Mutations that destabilize
beyond a certain threshold (or DDG value) by reducing levels of
soluble functional protein are responsible for protein dysfunction
(Yueetal.,2015). Experimental data show that the risk of deleterious
mutations ranges from 33-40% for many proteins (average 36%).
Therefore, protein fitness decreases dramatically as mutations
increase. After the protein has gone through 5 mutations, its fitness
is only 20%. Although, a protein’s initial stability can buffer some
of the destabilising effects of mutations (Pal et al., 2006), stability
appears to be the primary (though obviously not the only) factor
that affects how quickly proteins evolve (Bloom et al., 2005) , and
perhaps how quickly entire organisms evolve (Zeldovich et al.,
2007), especially but not exclusively in relation to the acquisition
of new functions.

Experimental datasets are often provided for a small subset of
proteins and are usually associated with changes in thermodynamic
stability (DDG value) of mutations. Recent computational advances
have made it possible to predict DDG values for various protein
mutations. Some prediction methods use array structure and
conformation (Huang et al., 2007; Parthiban et al., 2006).

The predictions exclude effects on folding intermediates and focus
primarily on how mutations affect the native state. Although, likely
to overlap with in vivo thermodynamic stability effects, predictions
regarding dynamic stability effects are very useful. Overall, work
is underway to provide more accurate and realistic estimates of
how mutations affect protein levels in vivo (Vendruscolo and
Tartaglia, 2008).

A small loss of stability in kcal/mol depletes a fraction of partially
folded and/or misfolded species in sufficient quantities to cause
irreversible aggregation or irreversible degradation. Production
appears to lead to a significant reduction in protein levels.

Additional mutations reduce stability beyond acceptable limits and
fitness is lost with changes in DG. The destabilizing effects of
mutations prevent the emergence of new protein functions. On the
other hand, we find that neutral or non-adaptive mutational drift is
less destructive and tends to occur at buried residues (Tokuriki et
al., 2008).

Regardless of whether SIFT and PolyPhen-2 analyses of AHSG
gene, SNPs indicate that they are harmful or tolerable, I mutant

analysis reveals that the proteins’ thermodynamic stability has
deteriorated. This might be a factor in the AHSG protein’s altered
functionality.This finding supports carrying out a wet lab based
study on AHSG gene polymorphisms in kidney stone disease.

One SNP in particular, RS 4917 has been shown that T allele is the
risk allele of calcification of heart valves and coronary arteries
(Mohammadi-Noori et al., 2020). This SNP results in a single amino
acid substitution (glutamic acid to lysine) in the protein sequence
of fetuin A, which may affect its function by reducing a protein
expression and leading to kidney stone (Mehrsai et al., 2017),
potentially affecting its interaction with other molecules or cellular
processes.

Although, there are already a number of studies demonstrating the
relationship between SNPs in various genes and various disorders
(Honnalli et al., 2022; Jovicie-Pavlovie et al., 2022; Dai et al.,
2023) A computational study of the functional effects of SNPs in
this gene has not yet been performed. SIFT technology uses sequence
homology and physicochemical properties of amino acid residues
between related genes and domains across evolution to predict
whether amino acid changes affect protein function. The “false
negative” and “false positive” error rates of SIFT are estimated to be
31% and 20%, respectively. SIFT has shown approximately 80%
success in benchmark studies using amino acid substitutions believed
to have a significant negative impact on the residual activity of the
mutant protein as a test set.

However, SIFT and PolyPhen-2 can be very helpful in predicting
how a mutation will affect how a protein functions as well as the
necessity of evaluating gene polymorphisms using wet lab
techniques. I mutant evaluated the stability of the mutant proteins
because the majority of disease mutations have an impact on protein
stability.

5. Conclusion

The current silica analysis is intended to investigate how the
expression of AHSG gene polymorphisms affects the pathobiology
of renal stone disease. It makes a compelling case that the
pathobiology of renal stone disease may be affected by the harmful
effects of AHSG gene mutations as well as their decreased protein
stability, as anticipated by bioinformatics techniques. Unders-
tanding the pathophysiology of kidney stone disease may benefit
from wet research on this gene.
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