
ABSTRACT
The detection of gene-gene interactions (GGIs) is essential in determining disease susceptibility of complex human diseases. Epistasis 
(genetic interactions) is defined as interactions between varied Single-Nucleotide Polymorphism (SNPs). Numerous computational 
strategies for detecting SNP interactions have been suggested. However, currently available methods are overwhelmed by a high degree 
of computational complexity caused by the explosion of high-order interactions. This research aims to develop a multi-locus epistasis 
model that accelerates the detection of disease-related SNP-SNP interactions. This paper introduces a two-stage method for epistasis 
detection based on K-Means clustering and optimization strategies to find genetic interactions of complex human diseases. K-Means 
clustering algorithm segments the genotype dataset into different clusters during the screening stage. The accuracy and performance 
of the K-Means clustering algorithm are highly dependent on the selection of the initial centroids. The initial centroids are usually 
randomly chosen in K-Means algorithm which leads to closest possible local minima, rather than the global optimum. To address 
the above issue, we introduced a hybridized technique that is built on the K-Means algorithm and the Pillar algorithm to avoid local 
optima as well as all the SNPs falls into a unique collection of clusters for different runs. Salp optimizations with a single objective 
function (Salp-SO) and Salp optimization with multiple objective functions (Salp-MO) have been applied to the clusters during the 
search stage to identify disease-associated SNP combinations. Experimental findings indicated that the KMeans-Pillar-SalpEpi-MO 
method yielded superior performance than traditional K-Means with the Salp optimization technique. This study is expected to become 
a suitable milestone for future studies by becoming a credible source of updated information on Kmeans-Pillar-Salpepi.

KEY WORDS: EPiSTaSiS; GENETic iNTEracTiONS; K-MEaNS, 
Pillar, SiNGlE NuclEOTidE POlyMOrPHiSM.

INTRODUCTION

The principle of epistasis played an influential role in the 
research field of genomics and genetics for over a century. 
a genetic interaction is a set of genetic changes that may 
cause an unexpected loss or benefit of cell viability (Skwark 
et al. 2017). a single-nucleotide polymorphism (SNP) is 
a mutation in a single nucleotide present in most human 
genomes. Variation in SNPs are responsible for identifying 
diseases susceptibility in human (leaché and Oaks 2017). 
a genome-wide association analysis (GWaS) investigates 
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various genetic variants among the whole genome to identify 
those that have statistically significant connections with a 
particular disease manifestation (Elliott et al. 2018). 

GWaS researchers strive to identify significant genotype 
variants for various disease categories, such as high blood 
pressure, arthritis, leukemia, chronic disease, heart disease, 
obesity, psoriasis, etc. GWaS examined multiple SNPs 
and phenotypic biomarkers related to human disease cases 
and controls. identifying epistasis is a common way to 
discover the aetiology of complex disorders (Tam et al. 
2019). Typically, several possible techniques have been 
used to discover epistasis: stochastic search, exhaustive 
search, statistical-based techniques, and optimization-based 
strategies. researchers employed both parametric and 

Bioscience Biotechnology Research Communications Vol 14 No (3) July- aug- Sep 2021 

Genetical Communication

 
Article Information:*corresponding author: priyasri.ash@gmail.com
received 04/06/2021 accepted after revision 24/09/2021
Published: 30th September 2021 Pp- 1020-1025
This is an open access article under creative commons license,  
Published by Society for Science & Nature, Bhopal india.
available at: https://bbrc.in/ 
article dOi: http://dx.doi.org/10.21786/bbrc/14.3.18

 
Kmeans-Pillar-Salpepi: Genetic Interactions Detection 
Through K-Means Clustering with Pillar and Salp 
Optimization Techniques in Genome-Wide Association 
Studies 
 
S Priya* and R Manavalan
department of computer Science, arignar anna Government arts college, Villupuram, 
affiliated to Thiruvalluvar university, Vellore, Tamil Nadu, india  



Priya & Manavalan

 1021 KMEaNS-Pillar-SalPEPi fOr GENETic iNTEracTiONS     BiOSciENcE BiOTEcHNOlOGy rESEarcH cOMMuNicaTiONS

nonparametric statistical approaches in epidemiological 
research to identify genetic associations. Stochastic search 
methods use random sampling strategies to identify the 
combinations of epistasis statistically correlated to disease 
effects. Stochastic search is subject to randomness, so 
it takes too little time to complete the search than the 
exhaustive search (Sun et al. 2019; Priya and Manavalan 
2020).

it is possible to discover all disease correlated SNP 
combinations through exhaustive research, but its 
computational cost is exorbitant. it analyzes each SNP 
interaction by estimating interaction's score and select 
the interactions that correspond with a disease using the 
user-specified threshold. The epistasis-based algorithms 
such as Mdr, GMdr, BOOST, ES-Mdr, PliNK, 
GMdr-GPu are evaluated based on exhaustive analysis 
(Priya and Manavalan 2020). an exhaustive and stochastic 
algorithm demands substantial computational expenses 
and a proneness only to specific disease models. recently, 
evolutionary algorithms for epistasis identification have 
significantly been concerned with finding low-cost solutions 
to address computational problems. Evolutionary strategies 
reduce search time complexity, and scoring functions aid 
them to detect the best SNP combinations. The epistasis 
techniques like MacOEd, cSE, epiacO, epiBat, and 
EiMOaBc/d can be employed as an optimization strategy 
(Manavalan and Priya 2021).

We presented a novel epistasis identification strategy using 
a two-stage approach called hybridization of K-Means 
clustering with Pillar algorithm and Salp Swarm algorithm 
(SSa) for Epistasis detection (KMeans-Pillar-SalpEpi) to 
focus on candidate SNP combinations. The main issues 
with currently available epistasis detection algorithms 
often have higher computational cost, low detection power, 
and almost all models are only designed for looking at 
two-locus interactions rather than addressing multiple loci 
interactions. in contrast to existing methods, the proposed 
approach aims to identify disease-associated SNPs with 
high detection power and focus on multi-locus interactions 
(Manavalan and Priya 2021). This research aims to develop 
a multi-locus epistasis model that accelerates the detection 
of disease-related SNP-SNP interactions. The proposed 
approaches' efficiency is tested over the 2-locus and 3-locus 
disease models with marginal effects (dMEs) and disease 
models with no marginal effects (dNMEs).

MATERIAl AND METhODS

The proposed KMeans-Pillar-SalpEpi algorithm was 
divided into two stages: the screening stage and the search 
stage. at the screening stage, the SNPs were categorized 
into three clusters using the Pillar based K-Means clustering 
technique. K-Means clustering was fused with pillar 
algorithm to address the issue of random initial centroid, 
and determine the optimal initial centroid. The outcome 
of pillar-KMeans was a set of clusters passed as input 
into the search stage to identify disease-associated SNP 
combinations. K-Means clustering is a widely used approach 
for cluster analysis. The main aim of this algorithm was to 
divide n number of unlabeled observations into k number 

of clusters. The degree of similarity between two objects 
was measured using Euclidean distance (Su and dy 2004). 
Pillar algorithm was based on the pillars position strategy 
used in the construction of a stable building. The pillars 
can support the roof's weight and stabilize the building 
when placed as far apart from each other as possible in the 
roof's pressure distribution. as a result, this algorithm chose 
initial centroids at the furthest distance apart in the given 
data (Barakbah and Kiyoki 2009).

Two search strategies were followed during the search 
stage. When the size of the cluster was small (less than 
ten), an exhaustive search technique found disease-
related SNP combinations within the cluster. in contrast, 
the salp optimization technique found disease-related 
SNP combinations within the cluster for a large cluster. 
The Salp Swarm algorithm (SSa) is a population-based 
optimization method. SSa mimics the social behavior of 
salps that are chained together when sailing and foraging 
the food in the sea. There are two types of agents in SSa; 
the leader is located at the top of the chain, while the other 
salps are designated as followers. The leader is responsible 
for guiding the population's movement direction, while the 
supporters obey the leader (Mirjalili et al. 2017).

in this research, two variants of the Salp optimization 
techniques, single-objective (SO) salp optimization and 
multi-objective (MO) salp optimization, were proposed to 
identify disease-associated SNP combinations. The G-test 
served as a fitness function in SalpEpi-SO, whereas K2 
score and aic score act as fitness functions in SalpEpi-
MO, and the Pareto optimal front method selected non-
dominated SNPs from these two fitness functions. Then, 
the chosen non-dominant SNPs were evaluated using 
G-test to identify disease-associated SNP combinations in 
2-locus and 3-locus models. Pseudo code for screen stage 
is presented hereunder.

Step 1: utilize the Pillar algorithm to initialize cluster 
centroids; the pillar technique took a simulated dataset as 
input and generated optimal centroids as outputs. 

Step 2: for Each SNP, Euclidean distance was calculated 
between Si and centroid of cluster cm (m = 1, 2, 3). Then, 
SNP (Si), Si (i=1,2, 3, 100) is divided into the mth (1 ≤ m 
≤ k) group.

Step 3:  Each individual SNP was assigned to one of the k 
clusters.  Then, the centroids of each clusters were updated 
for each iteration.

Step 4: Steps (2) and (3) were repeated until the centroids 
of k clusters no longer changed or the maximum number 
of iterations were reached.

The algorithmic step for Search Stage for SalpEpi-SO is 
given below.

Step 1: initialize the salp positions.

Step 2: assign each salp with a random position based on 
the SNPs in the clusters 
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Step 3: While t < max_iter do
for every salp in the solution space, combination of SNPs 
was chosen. Then, SNP combinations were selected and 
local solutions were generated based on the G-test statistic. 
The leader and follower position were updated based on 
the condition.

End while 

The Search Stage for SalpEpi-MO is given below.
follow the steps Step 1 to Step 3 in SalpEpi-SO
Step 4: Pareto optimal front return the Non-dominated 
SNPs 
Step 5: for i=1 to size (non-dominated SNPs) 
for j =i+1 to size (non-dominated SNPs) 
Epistasic_pair = G-test (xi, xj)
End for

finally, the performance of KMeans-Pillar-SalpEpi-SO and 
KMeans-Pillar-SalpEpi-MO were tested and compared to 
SalpEpi-SO, SalpEpi-MO and traditional K-Means with 
salp techniques like KMeans-SalpEpi-SO and KMeans-
SalpEpi-MO. The pseudo-code for screen and search 
stages of KMeans-Pillar-SalpEpi is presented in figure 
2 and figure 3, respectively. The pseudo-code for screen 
and search stages of KMeans-Pillar-SalpEpi is presented 
in figure 2 and figure 3, respectively.

RESUlTS AND DISCUSSION

The general architecture of the proposed approach is 
presented in figure 1. The proposed epistasis models were 
implemented using MaTlaB r2018(b) software. Section 
4.3 exposes the experimental outcome of epistasis disease 
models. The architecture of the proposed approach is 
exhibited in simulated datasets.

The description of dME and dNME models chosen for 
experimental analysis is exposed in Table 1.

Figure 1: General Architecture of KMeans-Pillar-SalpEpi

Simulated Datasets: The proposed approach was 
evaluated over the simulation dataset for genotype created 
using widely adapted software called GaMETES_2.0 
(urbanowicz et al. 2012). in this research, we generated 
two-locus and three-locus disease models. Two distinct 
types of epistatic disease models, such as disease loci with 
Marginal effect (dME) models and disease loci without 
Marginal Effects (dNME) models, were generated for two-
locus and multi-locus disease analysis (Tuo et al. 2017). 

Table 1. Simulated Dataset Details

Performance Metrics: The efficacy of the proposed 
epistasis detection model was evaluated using evaluation 
metrics power. Power is defined as the statistical measure of 
detecting true disease loci by rejecting the null hypothesis, 
and the same is expressed as

where #dcount represents the number of datasets containing 
successful detection of disease-related SNPs among the 
Total number of datasets (TdS) (chen et al. 2019).

Simulation Results and Interpretation: The primary 
focus of GWaS was to identify associations between SNP 
and phenotype for the essential of epistasis detection. In 
this section, the performance of proposed approaches was 
compared with epistasis detection ability of SalpEpi-SO and 
SalpEpi-MO with G-test fitness function using dNME and 
dME models. in addition, the superiority of the proposed 
methods was compared to the previous research work 
Multi-Objective ant colony Optimization for Epistasis 
detection (MacOEd) and Multi-Objective atom Search 
Optimization for Epistasis detection (MaSO-Epi) (Jing 
and Shen 2014; Priya and Manavalan 2021).

Experimental Results of 2-locus DME Models: The 
power of Salp-SO, Salp-MO, KMeans-SalpEpi-SO, 
KMeans-SalpEpi-MO, KMeans-Pillar-Epi-SO and 
KMeans-Pillar-Epi-MO for twelve 2-locus dME models 
is exhibited in figure 2. KMeans-Pillar-SalpEpi-MO, 
KMeans-Epi-SO and KMeans-Pillar-Epi-MO achieved 
100% power for the additive model 3. KMeans-Pillar-
SalpEpi-MO and KMeans-SalpEpi-SO obtained power 
of 100% for the additive model 4, which were superior 
to others. in additive model 1, KMeans-Pillar-Epi-SO 
obtained the power of 4%, whereas the remaining methods 
found only a single disease causative SNP pairs among 100 
datasets. None of the methods found any disease causative 
SNP pairs for the multiplicative model 1.

Priya & Manavalan
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in multiplicative model 2, KMeans-Epi-SO and KMeans-
Epi-MO achieved 100% power, whereas KMeans-Pillar-
SalpEpi-MO achieved the power of 99%. in threshold model 
3, KMeans-SalpEpi-MO and KMeans-Pillar-SalpEpi-MO 
yielded 100% power. in threshold model 4, KMeans-
SalpEpi-SO, Salp-MO and KMeans-Pillar-SalpEpi-MO 
achieved 100% power. The experimental finding proved 
that one of the proposed methods, KMeans-Pillar-SalpEpi-
MO yielded superior detection power compared to others. 
among the 12 dME models MacOEd and MaSO-Epi 
didn’t yield 100% detection power even for a model, 
whereas KMeans-Pillar-SalpEpi-MO produced 100% 
detection power for 4 models. it was clearly observed 
that KMeans clustering with salp optimizations performs 
superior to the existing algorithms MacOEd and McaSO-
Epi for all dME models (Jing and Shen 2014; Priya and 
Manavalan 2021).

The running time of twelve 2-locus dME models is exposed 
in figure 3. for all the 12 dME models, the approaches 
KMeans-Pillar-SalpEpi-SO and KMeans-Pillar-SalpEpi-
MO take the lowest running time. The highest running time 
required for 2-locus dME models was KMeans-SalpEpi-
MO. it was noticed that our proposed single objective 
models KMeans-Pillar-SalpEpi-SO, KMeans-SalpEpi-SO 
took minimum running time compared to others. further, 
the time consumption of one of the proposed multi-objective 
model KMeans-Pillar SalpEpi-MO models was lower than 
the state-of-art methods MacOEd and MaSO-Epi (Jing 
and Shen 2014; Priya and Manavalan 2021).

Experimental Results of 2-locus DNME Models: figure 
4 exposed the detection power of proposed approaches 
for all the 2-locus dNME models. among the 10 dNME 
models, KMeans-Pillar-SalpEpi-MO achieved 100% 
power for all the models, which was superior to others. 
The KMeans-Pillar-SalpEpi-SO achieved 100% detection 
power for seven models, such as model 1, model 2, 
model 5 to model 8, and model 10. KMeans-SalpEpi-
MO obtained 100% power for 6 dNME models such as 
model 1, model 4 – model 6, model 8, and model 9. The 
SalpEpi-MO yielded 100% power for four models such as 
model 1, model 2, model 5 and model 8. The SalpEpi-SO 
achieved the highest detection power of 97% for model 9. 
MacOEd obtained 93% detection power for 4 dNME 
models, whereas proposed model KMeans-Pillar-SalpEpi-
MO gained 100% detection power in all dNME models. 
The MaSO-Epi achieved the minimum detection power 
of 85% for model 9 and, maximum detection power of 
90% in model 1. Hence, the outcome revealed that our 
proposed models were superior to MacOEd and MaSO-
Epi in all 10 dNME models (Jing and Shen 2014; Priya 
and Manavalan 2021).

Figure 2: Power Analysis of 2-locus DME Models

Figure 3: Running Time Comparison of 2-locus DME 
Models

Figure 4: Power Analysis of 2-locus DNME Models

Figure 5: Running Time of 2-locus DNME Models

figure 5 presented the running time of 2-locus dNME 
models. for all the ten models, the KMeans-Pillar-SalpEpi-
SO and KMeans-SalpEpi-SO require minimal running time 
compared to others. The SalpEpi-MO method spent the 
highest running time for all ten models. The state-of-art 
methods such as MacOEd and MaSO-Epi consumed 
more running time, whereas the proposed models KMeans-
Pillar-SalpEpi-SO and KMeans-Pillar-SalpEpi-MO took 
less running time for all dNME models. The state-of-art 
approaches such as MacOEd and MaSO-Epi was tested 
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over 2-locus interactions only due to the computational 
overhead. Hence, these two models were not considered 
as comparative methods in this research for the analysis 
of 3-locus disease models (Jing and Shen 2014; Priya and 
Manavalan 2021).

Experimental results of 3-locus dME Models: The 
power of proposed approaches for fifteen 3-locus dME 
models was exhibited in figure 6. for the additive model 1, 
KMeansEpi-MO and KMeans-Pillar-SalpEpi-MO achieved 
56% and 54% of power, respectively, which were superior to 
other approaches. The KMeans-Pillar-SalpEpi-MO yielded 
the power of 78% for additive model 3. in additive model 4, 
KMeans-SalpEpi-MO obtained the highest power of 83%, 
which was superior to the other five approaches. KMeans-
SalpEpi-MO gained the power of 88% for model 5, which 
was superior to Salp-SO, Salp-MO, KMeans-SalpEpi-SO, 
KMeans-Pillar-SalpEpi-SO, and KMeans-Pillar-SalpEpi-
MO, respectively. KMeans-Pillar-SalpEpi-MO obtained 
the highest detection power of 88% for multiplicative 
model 5. 

Figure 6: Performance Evaluation of 3-locus DME 
Models

Figure 7: Running Time of 3-locus DME Models

KMeans-SalpEpi-MO obtained the highest detection power 
of 80% for threshold model 5, whereas SalpEpi-SO gained 
the lowest detection power of 5%. in threshold model 4, 
KMeans-Pillar-SalpEpi-MO yielded the power of 85%, 
which was 5% higher than KMeans-SalpEpi-MO. KMeans-
Pillar-SalpEpi-MO obtained the highest detection power of 
83%, whereas KMeans-SalpEpi-SO achieved the lowest 
detection power of 48% for the threshold model 3. The 
efficacy of the methods highly dependent on the nature of 

the dataset, and its dimension and the simulated parameter 
settings. The dualWMdr approach was proposed to 
find high-order epistasis interactions and tested over two 
3-locus disease models with and without marginal effects. 
The dualWMdr achieved 82% power for a dME model 
(cao et al. 2020).

Figure 8: Performance Comparison of 3-locus DNME 
Models

Figure 9: Running Time comparison of 3-locus DNME 
Models

The running time of 3-locus dME models was exposed 
in figure 7. KMeans-Pillar-SalpEpi-SO taken the lowest 
running time compared to Salp-SO and Salp-MO, KMeans- 
SalpEpi-SO and KMeans-SalpEpi-MO. The SalpEpi-MO 
approach taken the highest running time for all the 15 
dME models.

Experimental Results of 3-locus DNME Models: The 
detection power of ten 3-locus dNME models is presented 
in figure 8. The highest accuracy of 87% is obtained for 
Model 3 by KMeansEpi-MO, whereas KMeans-Pillar-
SalpEpi-MO achieved 83% for the same model. The 
second highest detection power was 66% yielded by 
KMeans-Pillar-SalpEpi-MO for the model 10. Salp-SO 
obtained the lowest detection power of 1% for Model 1. 
The experimental outcome revealed that clustering-based 
approaches were superior to Salp-MO and Salp-MO for the 
3-locus dNME models. The running time of ten 3-locus 
dNME models is shown in figure 9.  The line chart clearly 
proved that the KMeans-Pillar-SalpEpi-SO and KMeans-
Pillar-SalpEpi-MO were taken the lowest running time for 
10 dNME models compared to others.
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CONClUSION

The findings of the present study highlight the discovery 
of epistatic interactions aids in the detection of complex 
human diseases in GWaS. in this paper, we proposed 
a two-stage method called KMeans-Pillar-SalpSO and 
KMeans-Pillar-SalpMO. The proposed methods were more 
suitable for finding higher-order SNP interactions during 
the search stage through exhaustive search or optimization-
based search. Exhaustive search was applied to a small 
clustered dataset, and salp based search was used for a large 
candidate set. The proposed method had the capability for 
discovering high-order epistatic interactions with a minimal 
computational effort. The results from the experiment on 
simulated datasets showed that KMeans-Pillar-SalpSO 
and KMeans-Pillar-SalpMO outperform SalpEpi-SO and 
SalpEpi-MO.
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