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Abstract: Genetic association research aims to identify genetic variations 
linked to specific disease states or conditions. Genetic interactions, also known 
as epistasis, typically involve interactions among numerous single nucleotide 
polymorphisms (SNPs). Detecting genetic interactions among millions of SNPs 
in GWAS is challenging. This study presents a two-stage epistasis model called 
autoencoder based feature selection with Salp optimiser for Epistasis 
identification (AE-SalpEpi). The autoencoder (AE) approach is designed in the 
screen phase to pick a subset of features having a high association with 
Alzheimer’s disease. During the selection stage, disease-correlated SNP 
combinations are chosen using SalpEpi-SO and SalpEpi-MO. The simulated 
and real Alzheimer’s disease dataset are used to quantify the performance of 
AE-SalpEpi-SO and AE-SalpEpi-MO and also contrasted to state-of-art 
techniques such as MCASO-Epi and MACOED. Experimental results showed 
that the suggested methods successfully identified interactions with the APOE 
gene variation, a known risk factor for Alzheimer’s disease. 

Keywords: epistasis; feature selection; diseases; single nucleotide 
polymorphism; SNPs; optimisation; multi-objective; Alzheimer’s disease; 
complex diseases. 
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1 Introduction 

Computational intelligence techniques, such as machine learning algorithms and data 
mining approaches, enable efficient analysis of large-scale genomic datasets. These 
methods can handle vast amounts of genetic data and identify patterns or associations that 
may not be immediately apparent through manual inspection. computational intelligence 
plays a crucial role in genetic interaction analysis by enabling efficient data analysis, 
feature selection, predictive modelling, network analysis, and integration of multi-omics 
data (Ganesan et al., 2014). Machine learning algorithms, such as random forests, support 
vector machines, and neural networks, can learn complex patterns from genetic data and 
make accurate predictions about genetic interactions and their effects on phenotypic 
outcomes (Elshazly et al., 2013). These approaches facilitate the exploration of complex 
genetic architectures and contribute to the elucidation of underlying biological 
mechanisms in health and disease (Najm et al., 2020). 

Genetic interactions can contribute to identify the disease ratio of particular disease 
among the individual. By understanding these interactions, researchers can better predict 
an individual’s susceptibility to diseases like Alzheimer’s and Parkinson’s. This 
knowledge enables primordial preventive strategies, such as lifestyle interventions or 
early screening, for high-risk individuals (Kumar et al., 2015). Genetic interactions can 
influence disease progression and treatment response on an individual level (Humaidi  
et al., 2021). By identifying these interactions, healthcare providers can tailor treatments 
more precisely to each patient’s genetic makeup. 

The GWAS method has recently been applied to examine complicated diseases 
etiology (Tam et al., 2019). Most prevalent diseases, such as neurological disorders (such 
as Alzheimer’s and Parkinson’s), cardiovascular diseases, various malignancies, diabetes, 
and osteoporosis, are characterised by the accumulation of numerous genes and their 
interactions. Single nucleotide polymorphisms (SNPs) are the common and prevalent 
genetic variations in human populations (SNPs). Individuals can bear different 
nucleotides at each SNP location. The epistasis originally representing gene-level 
interactions which also examined at the SNP level because the SNPs are the fundamental 
units in evaluating population variations (Manavalan and Priya, 2021). 

Analysing high-dimensional SNP data for GWAS is a difficult task. The huge amount 
of variables, SNPs, creates a significant computational burden for epistasis computational 
models (Chattopadhyay and Lu, 2019). In addition, studies of basic human diseases have 
shown an essential role in explaining the risk of disease in the case of the non-additive 
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impact of multiple interacting genetic variables (Consortium, 2007). Enumerating all 
possible potential combinations of millions of SNPs in a GWAS dataset is prohibitive  
for machine learning approaches for discovering gene-gene interactions (GGIs). 
Additionally, those variables are often redundant or unnecessary for the disease being 
examined. Feature selection is frequently required to identify a subset of relevant and 
prospective variables for the epistasis investigation (Azar et al., 2013). It is common 
practice in machine learning to perform feature selection as a pre-processing step when 
the original data contains noisy or irrelevant features that could impair the prediction 
power of learning algorithms (Assareh et al., 2012). The feature selection approach picks 
only a subcategory of the essential features, reducing the number of features and boosting 
learning speed and prediction accuracy (Anter et al., 2013). Feature selection includes 
two key targets such as maximising the accuracy of prediction and reducing the number 
of characteristics (Chen et al., 2020). 

Medically, neurological conditions impact the spinal cord as well as the brain and 
other bodily nerves. Approximately 600 disorders are classified as neurological disorders 
(Ucsfhealth.org, n.d.). Alzheimer’s disease, schizophrenia (SCZ), bipolar illness (BD), 
autism, Parkinson’s disease, and sclerosis disease are some of the examples of 
neurological disorders. Alzheimer’s disease is a degenerative neurological disease that 
results in atrophy of the brain and the death of brain cells. Research has proved that the 
abnormal protein deposition in brain tissue and surrounding nerve tissue causes 
Alzheimer’s disease (Mayo Clinic, 2020). 

The early signs of Alzheimer’s disease differ from person to person. For many 
patients, non-memory cognitive traits like word finding issues, vision/spatial issues, and 
poor decision-making could be early signs of the disease. Biomarkers (biological 
indicators of disease detected in brain imaging, cerebrospinal fluid, and blood) are being 
studied by researchers to detect early changes in the brains of people with MCI and 
cognitively normal people who may be at higher risk for Alzheimer’s disease. Every 
three seconds, someone in the world has the chance of getting dementia. Worldwide,  
55 million individuals will have dementia by the year 2020. This number will roughly 
double every 20 years, rising to 78 million in 2030 and 139 million in 2050. The majority 
of the growth of dementia will occur in developing countries. Dementia affects 60% of 
adults in poor and middle-income nations, but this number will climb to 71% by 2050. 
China, India, South Asia, and western Pacific neighbouring nations are experiencing the 
fastest rising number of older people (‘2020 Alzheimer’s disease facts and figures’, 
2020). 

Most Alzheimer’s patients have the late-onset version of the disease, which manifests 
symptoms in their mid-60s or later. Early-onset Alzheimer’s disease strikes adults 
between the age group of 30 and 60, accounting for less than 10% of Alzheimer’s 
patients. Scientists have made enormous progress in understanding Alzheimer’s disease 
in recent years, and the pace is increasing. Scientists are still unsure about the causes of 
Alzheimer’s disease in most people. Acetylcholine is a neurotransmitter that plays a 
significant role in brain function. Typically, people with Alzheimer’s disease or 
Parkinson’s disease tend to have low levels of acetylcholine. A genetic mutation may 
cause early-onset Alzheimer’s disease in some people. Alzheimer’s disease develops late 
in life as a result of a complex series of brain changes that can take decades to manifest. 
Genetic, environmental, and behavioural variables are likely to be involved in the 
development of the diseases (BrainFacts, n.d.). 
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The genetic interaction involves understanding how variations in multiple genes 
(genetic variants) interact with each other and with environmental factors to influence an 
organism’s phenotype, such as disease susceptibility, drug response, or trait expression. 
Genetic interactions can manifest in various forms, including epistasis, where the effect 
of one gene depends on the presence of another, and genetic buffering, where the effect 
of a mutation is mitigated by another gene. The goal of studying genetic interactions is to 
unravel the complex networks of molecular pathways underlying biological processes 
and diseases, ultimately leading to insights into disease mechanisms, personalised 
medicine approaches, and drug discovery. 

Genetic variations are a substantial cause of Alzheimer’s and Parkinson’s diseases. 
Identifying the possible genetic causes of neurological disorders is essential to recognise 
the molecular mechanisms responsible for forming these neurological diseases and to 
delineate a genotype-phenotype association that can better monitor the disorder’s 
progress and predict future complications (Parenti et al., 2020). Genetic risk factors for 
neurological diseases are multifactorial and are influenced by gene and environmental 
interactions. This work focuses on identifying 2-locus genetic interactions responsible for 
Alzheimer’s diseases through AESalpEpi-SO and AESalpEpi-Mo. 

This research introduced a novel epistasis identification strategy with a two-phase 
model called autoencoder-based feature selection and Salp optimiser (AESalp-Epi) to 
identify SNP interactions. During the screening step, autoencoder techniques are used to 
pick the featured SNPs that have a high association with disease status. Salp optimisation 
with G-test is used over the selected SNPs during the search phase to find  
disease-relevant SNP correlation. The primary goal of this study is to develop an 
effective epistasis identification technique, AE-SalpEpi, to identify disease-related GGIs 
from numerous SNPs. Here, the following key contributions to accomplish the research 
goal. 

• Disease-related SNPs in genotyping data can be identified with the help of a new 
autoencoder-based Salp optimiser for epistasis discovery (AE-SalpEpi). The 
effectiveness of the suggested strategy is compared to multi-objective chaotic  
atom search optimisation (MCASO-Epi) technique and MACOED. 

• The effectiveness of AESalp-Epi is evaluated based on disease models that include 
marginal effects (DMEs) as well as disease models that do not include marginal 
effects (DNMEs). 

• The AESalp-Epi model was applied to a real Alzheimer’s disease dataset obtained 
from the ADNI and discovered substantial disease-related genetic associations. 

The following is the structure of the research work. Section 2 presents the related work in 
epistasis detection through computational approaches. In Section 3 outlines the detailed 
description about the proposed method. Section 4 investigates and discusses experimental 
analysis. Finally, Section 5 concludes the article by discussing potential futures. 

2 Related work 

In medical research, finding the relation between genes and diseases is a key process for 
disease prevention, diagnosis and treatment (Emary et al., 2014). Both genetic and 
environmental risk factors increase pathogenicity. Genome-wide association studies 
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(GWAS) researchers aim to find genotype variants of interest for several categories of 
diseases such as hypertension, rheumatoid arthritis, cancer, chronic illness, 
cardiovascular disease, diabetes, psoriasis, and so on (Wu et al., 2009). 

Currently, various methods are available for identifying epistasis, including stochastic 
search, exhaustive search, and optimisation-based approaches (Sayed and Hassanien, 
2024). Evolutionary optimisation techniques are utilised to discover SNP combinations 
with high scores (Chelliah et al., 2023). These strategies aim to decrease search time 
complexity, while scoring functions determine the most favourable SNP combinations 
(Kumar and Sharma, 2023). A multi-objective ant colony optimisation (ACO) technique 
(MACOED) was proposed for genetic interactions. ACO is applied in the screening stage 
to filter the SNPs, and the outcome was tested in clean stage using chi-squared test to 
detect significant SNP combinations (Jing and Shen, 2014). 

Bio-based computing has recently been applied to solve demands in the e-health 
domain, such as patient risk stratification issues and individualised healthy meals for 
diabetic patients (Chifu et al., 2019). The ACO is a path-finding algorithm inspired by the 
behaviour of ants hunting for food [190]. Tabu search is a mathematical optimisation 
paradigm that searches for optimal solutions nearer to the current solution space 
(Marzouki et al., 2018). 

A tabu list is used to prevent the ACO algorithm from selecting SNPs that can be 
rearranged with primary effects. For GGIs, ACO with tabu list (ACO-Tabu) was 
implemented and tested on WTCCC datasets including T2D, T1D, RA, and inflammatory 
bowel disease (IBD) of 5,000 individuals with 500,000 SNPs. The tabu list includes 
SNPs that are linked to the primary impacts IBD. ACO-Tabu identified that the gene 
variant TCF7L2 is commonly found in every 5000 generations with 100 runs. The result 
indicated that there was a strong association between the TCF7L2 gene’s SNP rs4506565 
and the IGR gene’s SNP rs2578050 in T2D data. With varied data sizes, the ACO-Tabu 
outperforms PLink and INTERSNP, whereas the performance of ACO-Tabu was inferior 
to BOOST (Sapin et al., 2015). 

Wang and Nikouei Mehr (2019) used an optimisation strategy to find the required 
variables for detecting the epistasis impact effectively in 2019. The simulated soybean 
dataset included 42,509 cultivars with 20,087 genes. The proposed model can 
successfully detect 2-way to 5-way epistasis with a 95.5%. 

Gonçalves et al. (2020) presented a multi-objective genetic algorithm (MOGA) for 
finding epistasis in simulated and BC datasets in 2020. MOGA earned 92% average 
power for the simulated dataset. The parallel MOGA technique took only 3 seconds to 
conduct the 10-order analysis on a BC dataset including 31,341 SNPs. 

A two-stage approach, incorporating multi-objective atom search optimisation for 
epistasis detection (MASO-Epi) and multi-objective chaotic atom search optimisation for 
epistasis detection (MCASO-Epi), is introduced to identify two-locus epistasis 
associations across diverse simulated disease models (Priya and Manavalan, 2021). 

The multiple objective genetic algorithms (EpiMOGA) was proposed for GGI 
identification by Chen et al. (2021) in 2021. EpiMOGA achieved 88% power for the 
simulated data analysis, whereas EpiMOGA discovered 48 significant 2-order SNP 
associations in the Alzheimer’s disease dataset. 

Priya and Manavalan (2022) introduced a two-stage approach named multi-objective 
salp optimisation for epistasis detection (MSalp-Epi) designed to uncover two-locus 
epistasis associations across various simulated disease models. In the initial stage, Salp 
optimisations utilise AIC and K2 score as objective functions to identify non-dominated 
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disease-related SNPs. Subsequently, in the second stage, the G-test statistic is applied to 
these non-dominated SNPs to identify significant SNP pairs. 

3 Autoencoder with salp optimisation (AESalp-Epi) for SNP-SNP 
Interactions 

Identifying genetic interactions is crucial for unravelling the complexity of diseases like 
Alzheimer’s and Parkinson’s. It offers insights into disease mechanisms, enables 
personalised approaches to treatment and prevention, informs drug development efforts, 
and enhances our understanding of systems biology. The design of novel computational 
methods can efficiently analyse large datasets and identify potential genetic interactions 
more quickly than traditional experimental approaches. The AESalpEpi-SO and 
AESalpEpi-MO was applied to find disease-relevant SNP interactions in Alzhemier’s 
disease. The AE-SalpEpi is divided into two stages: screen and selection. Figure 1 
exposes the goal of the screen and the clean phases. Figure 2 depicts the general 
functioning of the proposed system. In the screening phase, the AE method is utilised to 
find the notable SNPs in the dataset. To recognise the disease-causing SNP pairs, these 
prominent SNPs are moved on to the selection stage. 

Figure 1 Objectives of screen and selection stage (see online version for colours) 

 

3.1 Screen stage – autoencoder for feature selection 

Feature selection is necessary in the context of GWAS to reduce dimensionality, focus on 
relevant genetic variants, improve interpretability, enhance statistical power, and promote 
the reproducibility of genetic association studies (Surya and Muthukumaravel, 2023). It is 
a critical step in identifying genetic factors underlying complex traits and diseases 
(Tripathi and Patheja, 2022). The autoencoder is applied for selecting the featured SNPs 
to find genetic interactions. The genotype dataset is passed into the autoencoder 
technique in the screening stage. The autoencoder selects SNPs that are highly linked 
with illness state. An auto encoder is a neural networking technique that can learn 
features by minimising reconstruction errors in an unsupervised manner. The basic 
structure of autoencoder adapted in this research is shown in Figure 3. A typical 
autoencoder with a hidden layer of h dimensions is composed of two elements: an 
encoder and a decoder (Sun et al., 2016). 
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Figure 2 Architecture of proposed AE-SalpEpi (see online version for colours) 

 

Figure 3 Structure of autoencoder 

 

The encoder function is represented as 

( )(1)
1( )f x σ XW=  (1) 
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The decoder function is presented as 

( ) ( )(2)
2( ) ( )X g f x σ f X W= =  (2) 

where σ1, σ2 represents activation functions of hidden and output layer, respectively. The 
overall function of autoencoder is presented as g(f(x)). 

In learning process, AE tries to minimise the loss function. The proposed model 
utilises least square loss in the proposed method for seeking the self-representation: 

( ) 2( ) 1/ 2 ( )
F

J θ m X g F X= −  (3) 

where 

m denotes sample size. 

||.||F is the Frobenius norm form of the matrices. By optimising J(θ), the autoencoder 
compresses the input matrix X as low-dimensional data f(X) and produces the decoded 
matrix as g(f(X)). 

The weight matrix connecting the input layer and the hidden layer W(1) = [w1, ∙∙∙, wd]T, 
where the ith row wi corresponds to the ith feature xi. In order to select the most 
discriminative features from observed data X, the row-sparse regularisation on W(1) is 
exposed as, i.e., 

( )2(1)1
2.1

d h

ij
i j

W W=   (4) 

Equation (4) is reformulated as 

( ) 21 1
2.12( ) ( )m F

J θ X g f X W= − +α  (5) 

Here, α represents the trade-off parameter of the reconstructed loss and the regularisation 
term. To reduce overfitting and improve convergence speed, a weight decay term is also 
necessary during the training process of a NN. Thus, equation (4) is combined with the 
weight decay regularisation to form the following object function: 

( ) 22 21
2,1 1

1( ) ( )
2 2

i
Ff i

J θ X g f X W W
m =

= − + + βα  (6) 

where β denotes the penalty parameter, By minimising the equation (6) over the train 
dataset, we can obtain an autoencoder network for selecting useful features. Figure 4 
illustrates the screening stage approach. 

3.2 Selection stage – salp optimiser for GGIs detection 

Alzheimer’s disease is highly complex, involving multiple genetic and environmental 
factors. During the selection phase, disease-correlated genetic interactions are identified 
to detect disease risk or progression. Understanding these interactions can provide 
insights into the underlying biological mechanisms of Alzheimer’s disease. By selecting 
optimal interactions, researchers can identify biomarker panels that offer improved 
sensitivity and specificity for detecting Alzheimer’s disease and monitoring disease 
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progression. The selected features from the AE are forwarded to the selection phase in 
order to identify disease-correlated SNP pairs. The G-test is employed in SSA as a fitness 
criterion. Two variations such as SSA with single objective (SO) and SSA with  
multi-objective (MO) are chosen to discover the substantial disease related SNP pairs. 
SalpEpi-SO relies on the G-test as its measure of fitness, whereas SalpEpi-MO use the 
AIC and K2 scores (Priya and Manavalan, 2022). In SNP selection, the AIC is often 
employed to compare different models that include varying numbers of SNPs. Lower 
AIC values indicate better model fit, balancing the trade-off between model complexity 
and explanatory power. By selecting the model with the lowest AIC, researchers aim to 
identify the subset of SNPs that collectively provide the best explanatory power for the 
phenotype. In the context of genetic association studies, the G-test evaluates the 
independence between a candidate SNP and the phenotype of interest (e.g., disease 
status). The K2 score is applied to infer the conditional dependencies between SNPs and 
the phenotype. By evaluating the conditional probability of each SNP given the 
phenotype and other SNPs, whereas, the K2 score identifies the optimal subset of SNPs 
that collectively maximise the model’s predictive accuracy. 

Figure 4 Pseudo code of screen stage for AE-SalpEpi-SO and AE-SalpEpi-MO 

Stage 1 – Autoencoder for selecting featured SNPs for GGIs detection  

Input  

Data: Simulated dataset 

hlayer_size: size of the hidden layer 

lambda: weight decay parameter 

Beta: weight of sparsity penalty  

pretrain_iter: Maximum iteration for training 

Output 

Fea_set: Selected indexes of features 

Screen Stage 

Step 1: Load the dataset and initialise the necessary parameters. 

Step 2: Pretrain the autoencoder to minimise loss value. 

Step 3: Get the sorted weight of input from the pretrained network 

Step 4:  Return the the index of selected features (SNPs) 

 

The Pareto optimum front technique (Tuo et al., 2016) assists in selecting non-dominated 
SNPs from the SNPs found by Salp-MO. The non-dominant SNPs are then subjected to 
the G-test to categorise 2-locus disease associated SNPs. Figure 5 depicts the  
pseudo-code of the selection stage for AESalp-Epi model. 
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Figure 5 Pseudo code of screen stage for AE-SalpEpi-SO and AE-SalpEpi-MO 

Stage 2 – Salp optimiser for recognising significant SNP-SNP interactions 

Input  

Data: Simulated Data based on selected featured indexed SNPs from screen stage 

No: number of Salp’s 

io: interaction order 

miter: Maximum iterations 

Output 

Optimal SNP combinations  

Selection Stage – SalpEpi-SO 

Step 1: Initialize the necessary parameters for SSA. 

Step 2:  Based on the SNPs in the feature set, arbitrarily place each salp in the population. 

Step 3: Repeat the step until maximum iterations reached  

              Select a set of SNPs representing each salp in the solution space, and use the G-test   
              procedure to produce a local optimal solution. 

                   Choose a food source from the repository: F=SelectFood(repository)  

                   For each salp (xi)  

                        Check if i==1, then  

                              Update the leader salp’s position 

                       else  

                              Update the follower salp’s position  

                      end if 

                  end for 

               The Salp updates the present solution by assessing new SNP combinations and   
               comparing them to the solution space that was previously recorded.             

               End for         

               End while  

Selection Stage – SalpEpi-MO 

Steps 1 through 3 in SalpEpi-SO are the same in SalpEpi-MO. 

Step 4: The Pareto optimum approach returns non-dominated SNPs. 

Step 5: For k=1 to no. of SNPs in non-dominated solution 

For l =k+1 to no. of SNPs in non-dominated solution 

GGIs_pair = G-test (xk, xl) 

End For 
 

SSA is a bio-inspired optimisation strategy (Mirjalili et al., 2017). The SSA mimics 
salps’ social behaviour by gathering in a chain while sailing and searching for food in the 
sea. In SSA, there are two types of agents: the leader who leads the salp chain; The rest of 
the salps are only followers, and the leader decides where everyone goes; and supporters 
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who follows the leader. The description about the algorithm is exposed in (Priya and 
Manavalan, 2022). 

4 Experimental results and discussion 

To assess the efficacy of the suggested methodologies, two simulation models including 
disease loci without marginal effects (DNME) and disease with marginal effects (DME), 
as well as a real Alzheimer’s disease dataset, are used. Sections 3.1 and 3.2 describe the 
datasets and evaluation measures, respectively. MATLAB R2018(b) is used to implement 
the suggested epistasis models. The experimental outcome of simulated models and real 
Alzheimer’s datasets are portrayed in Section 3.3. 

4.1 Datasets 

4.1.1 Simulated dataset 
The AE-SalpEpi algorithm’s efficacy is estimated using simulated datasets from several 
disease models. Disease models are characterised as the likelihood of having the disease 
from a combination of SNPs. GAMETES 2.0 is commonly used to build genotype 
simulation datasets. We created two-locus disease models in this study (Urbanowicz  
et al., 2012). Two unique types of epistatic models are produced for two-locus analysis to 
detect diseases: DME and DNME models. DME model describes disease’s interaction 
and marginal impacts (Chen et al., 2019). The DNME model only exposes interaction 
effects and not marginal effects. Table 1 portrays the short description of the simulated 
dataset. The dataset’s detailed description is provided in Priya and Manavalan (2022). 
Table 1 Simulated dataset description 

Dataset Simulated model 
category No. of models SNP details Depiction 

Two-locus Additive, 
multiplicative, and 
threshold models 

Each model holds 
4 variations 

2 diseased 
SNPs and 98 
non-diseased 

SNPs 

No. of datasets – 
100 sample size 

– 1,600 
including 800 

cases and 
controls 

 DNME 10 variations of 
Models 

4.1.2 Real Alzhemier’s disease dataset 

The required data for research is collected from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI). The ADNI is a multi-centre longitudinal study aimed at developing 
clinical, imaging, genetic, and biochemical indicators for early identification and tracking 
of Alzheimer’s disease (AD) (ADNI, n.d.). The data from ADNI 3 studies are taken to 
analyse the efficacy of proposed epistasis computational models. The various genotyping 
technologies are applied and tested over the ADNI samples. ADNI3 samples were 
genotyped using the Illumina Infinium Global Screening Array v2 (GSA2). 

The ADNI3 Genotype data was downloaded in the binary plink format. PLINK is an 
open-source, command-line based whole-genome association analysis software designed 
to execute fundamental, large-scale analyses in a computationally efficient manner 
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(Purcell et al., 2007). After decompression of the dataset, PLINK 1.9 software is adapted 
to convert the binary files (.BED and .BAM) into .PED as well as the .MAP file format. 
PED and MAP files contain information about SNPs and the patients’ genotype details. 

The PLINK software is adapted to implement this research’s quality control (QC) 
procedures. There are 7, 59, 993 SNPs in the ADNI3 study. Initially, 176,653 imputable 
variants in genetic type data were removed. Subsequently, 337,154 variants were 
eliminated due to MAF limits of less than 0.05. Finally, 327 people with 246,186 variants 
were successful in the QC procedures. Among these variants, 3467 variants were 
randomly chosen to analyse the efficacy of computational approaches. 

Table 2 describes the QC procedures and the number of SNPs considered for testing 
the proposed epistasis computational approaches after QC. 
Table 2 Dataset description after QC 

Dataset 
name 

No. of 
SNPs 

SNPs removed 
with missing 

genotypes 

SNPs removed 
with MAF 
thresholds 

Total no. of 
SNPs after 

QC 

Number of 
SNPs taken 
for analysis 

ADNI 3 759,993 176,653 337,154 246,186 3,467 

4.2 Performance metrics 

The suggested epistasis detection model’s efficacy is assessed utilising evaluation criteria 
such as power. The statistical procedure of discovering true disease locus by neglecting 
the null hypothesis is known as power, and it is expressed as 

# DSCPower
TDSC

=  

where #DSC illustrates the quantity of data sets of are successful in the identification of 
disease-associated SNPs is reported among total datasets count (TDSC) (Aflakparast  
et al., 2014). 

4.3 Simulation results and interpretation 

The goal of GWAS is to recognise relationships between SNPs and phenotypes.  
The detection of epistasis is critical for evaluating genetic disease susceptibility.  
AESalp-Epi’s is contrasted to MACOED (Jing and Shen, 2014) and MCASO-Epi (Priya 
and Manavalan, 2021) techniques for epistatic identification. 

4.3.1 Experimental analysis of DME models 
The power of AESalpEpi-SO and AESalpEpi-MO, MCASO-Epi and MACOED and for 
12 DME disease models is focused in Figure 6. In additive model 1, AE-SalpEpi-SO and 
AE-SalpEpi-MO gained the power of 16% and 1%, respectively, whereas MACOED 
(Jing and Shen, 2014) and MCASO-Epi (Priya and Manavalan, 2021) did not found even 
a single disease-causing SNP pair. In the second additive model, the proposed strategy 
perform better than MACOED (Jing and Shen, 2014) and MCASO-Epi (Priya and 
Manavalan, 2021). Model 3 power was 100% for AE-SalpEpi-MO and MCASO-Epi 
(Priya and Manavalan, 2021). In contrast, MACOED (Jing and Shen, 2014) and  
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AE-SalpEpi-SO obtained the power of 84% and 70%, respectively. In model 4, the  
AE-SalpEpi-MO’s power is 1% lower than MCASO-Epi. Because of the simulated 
setting of the dataset, none of the approaches discovers disease-causing SNP pairings 
from multiplicative models 1 and 3. In the second multiplicative model, MCASO-Epi 
(Priya and Manavalan, 2021) and AE-SalpEpi-SO had 100% power. When compared  
to other optimisation techniques, AE-based SO optimisation techniques such as  
AE-SalpEpi-SO outperform the competition in multiplicative model-4. In threshold 
model 3 and model 4, AE-SalpEpi-MO and MCASO-Epi (Priya and Manavalan, 2021) 
earned 100% power. At third threshold model, AE-SalpEpi-SO acquired a 89% power, 
which is better than other techniques. The evaluation of DME diseases models revealed 
that AE-SalpEpi-MO outperformed MCASO-Epi (Priya and Manavalan, 2021) and 
MACOED (Jing and Shen, 2014) in all scenarios. The comparative analysis showed that 
AE-SalpEpi-MO is better than MCASO-Epi (Priya and Manavalan, 2021) in 4 DME 
models. The efficiency of these two methods is similar in seven DME models. From the 
analysis, it is evidently found that feature selection based epistasis models such as  
AE-SalpEpi-SO and AE-SalpEpi-MO showed superior performance in DME models 
compared to MACOED (Jing and Shen, 2014) and MCASO-Epi (Priya and Manavalan, 
2021). 

Figure 6 Power comparison of DME models (see online version for colours) 
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Figure 7 illustrates the execution duration of 12 2-Locus DME simulated models. One of 
the proposed model AE-SalpEpi-SO, uses less duration for all 12 DME models since the 
model is assessed based on a SO optimisation approach in the selection stage. The 
MACOED (Jing and Shen, 2014) and MCASO-Epi (Priya and Manavalan, 2021) 
necessitates more running-time compared to AE-SalpEpi-MO and AE-SalpEpi-SO. As a 
result, feature selection-based techniques in DME disease models require less running 
time than MACOED (Jing and Shen, 2014) and MCASO-Epi (Priya and Manavalan, 
2021). AE-SalpEpi-MO took the peak runtime of 94.74 minutes for the third threshold 
model, whereas AE-SalpEpi-MO requires the lowest runtime of 20.19 minutes for the 
third multiplicative model. 
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Figure 7 Running time comparison of 2-Locus DME models (see online version for colours) 
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4.3.2 Experimental analysis of DNME models 
Figure 8 exposes the power evaluation of proposed approaches with MCASO-Epi (Priya 
and Manavalan, 2021) and MACOED (Jing and Shen, 2014) for the DNME models. 
Except for models 7 and 9, AE-SalpEpi-MO acquired 100% efficiency for all the ten 
DNME models. For seven different DNME models, with the exception of model 3, 7, and 
9, the AE-SalpEpi-SO obtained 100 percent power. For all DNME epistasis models, the 
MACOED (Jing and Shen, 2014) did not produce 100% power, but the MCASO-Epi 
(Priya and Manavalan, 2021) produced maximum power for 10 DNME models. In 
DNME models 7 and 9, MCASO-Epi outperforms AE-SalpEpi-MO. The feature 
selection based approaches such as AE-SalpEpi-SO and AE-SalpEpi-MO are superior to 
MACOED (Jing and Shen, 2014) in DNME models. 

Figure 8 DNME power comparison of MSalp-Epi and MACOED (see online version for colours) 
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The runtime of the DNME 2-locus genetic disease models is shown in Table 3. The 
MACOED (Jing and Shen, 2014) used the least amount of runtime compared to other 
approaches in DNME models. AE-SalpEpi-MO takes the longest running time for all ten 
variants of DNME models. The execution time of AE-SalpEpi-SO is superior to 
MCASO-Epi (Priya and Manavalan, 2021) and inferior to MACOED (Jing and Shen, 
2014). Even though AE based feature selection approach requires the highest execution 
duration compared to MACOED (Jing and Shen, 2014), But it shows superior power. 
Table 3 Running time of DNME models 

Model 
Methods 

DNME models – running time (minutes) 
M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 

AE-SalpEpi-SO 36.15 35.52 45.06 46.90 41.75 43.33 44.22 40.68 44.61 44.35 
AE-SalpEpi-MO 88.60 83.80 57.01 74.76 85.58 77.61 77.61 55.26 76.72 62.37 
MACOED (Jing 
and Shen, 2014) 

38.35 37.81 34.58 35.33 37.67 36.74 34.37 35.13 35.44 35.20 

MCASO-Epi 
(Priya and 
Manavalan, 2021) 

39.17 36.33 46.24 44.51 47.71 48.79 48.64 43.36 47.15 47.16 

4.4 Experimental results of real dataset 

Novel SNP interactions in Alzhemier’s disease may provide key biological pathways or 
networks involved in disease development. Targeting these pathways or modulating the 
interactions between associated variants could lead to the development of more effective 
therapeutic interventions. Incorporating information about interactions between genetic 
variants allows for more precise risk stratification and personalised disease risk 
assessments. 

The introduced epistasis detection technique such as AE-SalpEpi-SO and  
AE-SalpEpi-MO have been tested over the AD datasets by detecting disease-causing  
2-locus interactions. From the literature study, the SNPs that are highly correlated with 
Alzheimer’s disease are presented in Table 4, these SNPs are referred as reported SNPs. 
The number of 2-locus interactions discovered by the various introduced methods and the 
MACOED and MCASO-Epi is presented in Table 5, and the same is shown in Figure 9. 

From the experiment, it is noted that the implemented epistasis approaches such as 
AESalpEpi-SO, AESalpEpi-MO, MCASO-Epi and MACOED have identified 1,215, 62, 
15, 44 novel significant two-way interactions, respectively. The proposed approach  
AE-SalpEpi-SO identified 1,215 interactions, among which 49 interactions are identified 
disease-causing SNP interactions from the literature. Therefore, it is necessary to conduct 
wet-lab experiments or pathway enrichment analyses to validate the above number of 
novel genetic interactions discovered by the introduced methods. 

Table 6 reveals the interactions identified by the proposed approaches with at least 
one genetic variant documented in the literature. The reported SNPs found in the 2-way 
associations are highlighted in Table 6. Apolipoprotein E (ApoE) is a key cholesterol 
carrier in the brain that aids in lipid transport and injury repair. The two polymorphisms 
rs429358 and rs7412 are typically present in the APOE gene. GWAS identified that the 
any genetic variants interact with the APOE polymorphism increase the Alzheimer’s 
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disease risk (Zhen et al., 2017). The results show that our proposed approaches also 
found the interactions associated with APOE genetic variants such as rs7412 or rs429358. 
Table 4 Reported SNPs from Literature 

S. no. Reported SNPs Gene name References 
1 rs190982 MEF2C-S1 Arseniou et al. (2020), 

Belbin et al. (2019), 
Bodily et al. (2016), 

Granados et al. (2013), 
Jiang et al. (2010), 

Marioni et al. (2018), 
Tang et al. (2016), Xie  
et al. (2018), Zhen et al. 

(2017) 

2 rs2718058 Unknown Gene 
3 rs1476679 Unknown Gene 
4 rs28834970 PTK2B 
5 rs9331896 MIR6843 
6 rs2230805 ABCA1 
7 rs2230806 ABCA1 
8 rs10838725 CELF1 
9 rs983392 Unknown Gene 
10 rs17125944 FERMT2 
11 rs10498633 SLC24A4 
12 rs429358 APOE 
13 rs7412 APOE 
14 rs7274581 CASS4 
15 rs6733839 LOC105373605 
16 rs11771145 EPHA1-AS1 
17 rs3865444 CD33 

Table 5 Two-way interactions results in ADNI3 datasets 

Methods No. of interactions identified No. of reported SNPs identified 
AE-SalpEpi-SO 1,188 30 
AE-SalpEpi-MO 64 9 
MACOED  15 5 
MCASO-Epi 44 6 

Figure 9 2-Locus analysis of proposed approaches in AD dataset (see online version for colours) 
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Table 6 Topmost reported SNP variants associated 2-way interactions in AD dataset  

SNP1 SNP2 P_value Method 
rs11121600 (*) rs200458 (DNAJC11) 0.001953 AE-SalpEpi-SO 
rs111530107 
(LOC105373903) 

rs2718058 (*) 0.002974  

rs10498633 (SLC24A4) rs3935435 (PLEKHG5) 0.008728  
rs10838725 (CELF1) rs1452632 (LOC124904510) 0.010744  
rs10910045 (SKI) rs7412 (APOE) 0.01278  
rs10498633 (SLC24A4) rs771071 (*) 0.014539  
GSA-rs80072814 
(CRACDL) 

rs28834970 (PTK2B) 0.015918  

rs429358 (APOE) rs3865444 (CD33) 0.0166  
rs10036748 (TNIP1) rs28834970 (PTK2B) 0.018268  
rs10498633 (SLC24A4) rs200458 (DNAJC11) 0.022329  
rs28834970 (PTK2B) rs6664880 (*) 0.022788  
rs17040590 (*) rs28834970 (PTK2B) 0.023708  
rs3865444 (CD33)  rs763173 (CAMTA1) 0.02559  
rs28834970 (PTK2B) GSA-rs4908448 (CAMTA1) 0.02584  
rs28834970 (PTK2B) rs499416 (*) 0.029486  
rs7103026 (OR1S1) rs190982 (MEF2C-S1) 0.033297  
rs10838725 (CELF1) rs771071 (*) 0.033683  
rs7412 (APOE) rs6664880 (*) 0.035734  
rs7103026 (OR1S1) rs10498633 (SLC24A4) 0.03675  
rs200458 (DNAJC11) rs706007 (CASZ1) 0.039278  
rs7412 (APOE) rs763173 (CAMTA1) 0.040114  
rs3865444 (CD33)  rs3796056 (CNRIP1) 0.040392  
rs10838725 (CELF1) rs2802720 (AJAP1) 0.041643  
rs7412 (APOE) rs7522140 (*) 0.0434  
rs200458 (DNAJC11) rs495768 (*) 0.04403  
rs1476679 (*) rs6664880 (*) 0.0456  
rs10498633 (SLC24A4) rs11121600 (*) 0.046157  
rs4548406 (*) rs200458 (DNAJC11) 0.04701  
rs771071 (*) rs200458 (DNAJC11) 0.048342  
rs16845368 (*) rs28834970 (PTK2B) 0.049418  
rs200458 (DNAJC11) rs11121600 (*) 0.001953 AE-SalpEpi-MO 
rs12132314(*) rs7412 (APOE) 0.006824  
rs200458 (DNAJC11) rs2230806 (ABCA1) 0.010688  
rs200458 (DNAJC11) rs873982 (LOC124903830) 0.02823  
rs10838725 (CELF1) rs771071 (*) 0.033683  
rs2230806 (ABCA1) rs12132314 (*) 0.042218  
rs200458 (DNAJC11) rs4548406 (*) 0.04701  
rs200458 (DNAJC11) rs771071 (*) 0.048342  
rs200458 (DNAJC11) rs7412 (APOE) 0.048873  

Note: *Gene name is unknown. 
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The main genetic risk factor for LOAD is the APOE gene, which is found on 
chromosome 19q13.2 (Giri et al., 2016). The primary carrier of cholesterol in the brain is 
the APOE protein. The APOE gene contains SNPs rs429358 and rs7412, whose 
combined genotypes determine the APOE allelic status, which is recognised to be the 
strongest genetic variant associated with late onset Alzheimer’s disease (LOAD) (Corder 
et al., 1993). The results show that our proposed approaches also found the interactions 
associated with APOE genetic variants such as rs7412 or rs429358. APOE and its genetic 
variants interacts with the SNPs rs10910045 from the gene SKI, rs3865444 (CD33), 
rs763173 (CAMTA1), rs200458 (DNAJC11), these interactions influence the Alzheimer’s 
risk. 

CD33 mediates interactions between cells, promotes clathrin-independent 
endocytosis, suppresses immune cell functions, and controls cell proliferation and 
survival by inducing apoptosis (Jandus et al., 2011). Recent GWAS have clearly pointed 
out that CD33 is a genetic locus that has a strong association with LOAD (Hollingworth 
et al., 2011). Two SNPs such as rs3865444 and rs3826656, located in the CD33 gene 
cluster have been linked to LOAD. The minor form of the CD33 SNP rs3865444 was 
linked to lower levels of both CD33 and amyloid plaque in the brains of people with AD. 
AE-SalpEpi-SO found 3 disease-causing interactions from the SNP variant rs3865444 in 
gene CD33. 

The central nervous system is characterised by a high level of PTK2B expression. 
Alzheimer’s risk was linked to an SNP in PTK2B called rs28834970 (Jiao et al., 2015). 
The proposed AE-SalpEpi-SO discovered that the gene PTK2B and its variant 
rs28834970 were linked to 8 SNP–SNP interactions. 

CELF1 is a protein that is part of the CELF/BRUNOL family. It is on chromosome 
11p11 and is involved in regulating pre-mRNA splicing, mRNA translation, and mRNA 
editing (Jiao et al., 2015). The CELF1 intron SNP rs10838725 was found to increase 
susceptibility to LOAD (Beck et al., 2014). The proposed approaches found that CELF1 
(rs10838725) interact with the genetic variants rs1452632 (LOC124904510), rs771071, 
rs2802720 from the gene AJAP1 and increase the disease risk. 

The brain development, hair colour, and skin pigmentation are all connected to 
SLC24A4. LOAD risk is related to SNP rs10498633 in SLC24A4’s intron (Larsson et al., 
2011). Yu et al. (2015) discovered an association between SLC24A4 and methylation, and 
DNA methylation in the brain contributes to the pathogenesis of Alzheimer’s disease. 
Five SNP-SNP interactions involving the gene SLC24A4 and its variant rs10498633 are 
found by one of the suggested approach AE-SalpEpi-SO. 

5 Conclusions 

The genetic factors and their interaction effects are speculated to contribute to human 
diseases. In GWAS, the detection of potential genetic interactions is a crucial problem. 
Alzheimer’s and Parkinson’s disease are both caused by deteriorated brain cells. Both 
disorders can lead to dementia and other mental health problems, as well as insomnia. In 
this paper, a two-step methodology is implemented to detect epistasis effects in 
Alzheimer’s disease, referred to as AE-SalpEpi-SO and AE-SalpEpi-MO. The  
AE-SalpEpi uses an autoencoder technique to choose the featured SNPs in the screening 
stage, while Salp optimisation discovers disease-correlated SNPs in the selection step. In 
both DME and DNME models, experimental results showed that AE-SalpEpi-SO and 
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AE-SalpEpi-MO performed better than MCASO-Epi and MACOED. Several genes have 
been previously reported to be directly related to Alzheimer’s disease. The proposed 
approach identified many interactions from the reported genes such as APOE, CD33, 
DNAJC11, ABCA1, SLC24A4, and PTK2B. The proposed paradigm also identified many 
novel SNP interactions, which need further validation, including pathway enrichment 
analysis. In the future, this study could be expanded to include multi-locus interaction 
analysis for the pathogenesis of Alzheimer’s disease risk. 
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