
Nepal J Biotechnol. 2026  Jul ;  14  (1): 8 5 -98       Review Article  DOI: https://doi.org/10.54796/njb.v14i1.481  

©NJB, BSN   85 

SNP Detection Strategies in Genomic Research: A Comparative Review 
of Major Tools, Algorithms, Challenges and Applications. 
Shikhi Baruri1 , Sunita Khanal2  
1Center for predictive medicine, University of Louisville, Louisville, KY, USA 
2Casey Eye Institute, Oregon Health & Science University, Portland, OR, USA 

Received: 08 Feb 2026; Revised: 08 Jul 2026; Accepted: 12 Jul 2026; Published online: 31 Jul 2026 

Abstract 
Single nucleotide polymorphisms (SNPs), representing the most frequent form of genetic variation, serve as essential 
biomarkers for mapping complex traits, tracing evolutionary lineages, and identifying the genetic basis of disease 
susceptibility. Next-generation sequencing (NGS) enables large-scale SNP discovery across diverse organisms, yet accurate 
detection remains challenging due to sequencing errors, genome complexity, reference bias, and coverage depth. This 
narrative/comparative review synthesizes primary tool publications, benchmarking studies, and recent literature identified 
from PubMed, Google Scholar, Web of Science, and official software documentation. This review compares SNP detection 
programs such as GATK, BCFtools, FreeBayes, SAMtools, and DeepVariant and their algorithmic structures, namely pileup-
based, haplotype-based, and machine-learning approaches. In general, the comparison suggests that no single tool is the best, 
as the performance of these tools largely depends on the organism type and genome complexity, sequencing platform, 
sequencing depth, type of variant, and computational resources. GATK is sensitive and precise among the detection tools 
reviewed, yet computationally intensive; BCFtools is fast and versatile for non-human datasets; FreeBayes is a high-precision 
tool for haplotype-based and multiallelic variants; SAMtools is a powerful and stable tool for low-coverage data; and 
DeepVariant achieves high precision through deep learning architectures but at a high computational cost. We address 
important hurdles in SNP detection, such as polyploidy, heterozygosity, and repetitive regions, alongside the emerging 
necessity of Pangenomic Equity, defined here as the use of diverse pangenome references to reduce ancestry-related reference 
bias in SNP discovery. Lastly, we discuss emerging developments, including artificial intelligence-based variant calling, 
transformer-based models, graph-based reference genomes, and pangenome-aware methods that help to overcome the 
limitations of linear genomic models. Therefore, this review summarizes the key considerations for tool selection and outlines 
future directions for robust and inclusive SNP discovery in genomic research. 
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Introduction 
Single Nucleotide Polymorphisms (SNPs) are common 

genetic variations found in any species, that take place 

when there is a variation in a single base substitution [1]. 

These variations can occur in non-coding regions or 

within coding sequences as either synonymous (no 

change in amino acid) or nonsynonymous (change in 

amino acid) [2]. Approximately one percent of the 3 

billion base pairs of the human DNA sequence is variable 

between any two individuals, resulting in tens of millions 

of SNPs across the genome [3]. While earlier research 

relied heavily on the GRCh38 reference genome, the 

transition to Telomere-to-Telomere (T2T) gapless 

assemblies has fundamentally expanded the scope of 

SNP discovery to previously inaccessible regions, 

including centromeres and telomeres [4]. Due to 

abundance and uniqueness within individuals of the 

same species or related species, SNPs serve as essential 

genetic markers for studying complex genetic traits and 

genome evolution [2, 5, 6].  

With recent advancements in next-generation sequencing 

(NGS) technologies, SNP discovery has become a rapid, 

high-throughput, and cost-effective approach for whole-

genome sequencing (WGS), whole-exome sequencing 

(WES), and targeted sequencing. These techniques are 

standard in population genomics, cancer research, 

clinical diagnosis, microbial genomics, and evolutionary 

research. However, the accuracy of SNP detection 

depends on complex computational algorithms and 

strong statistical models required to translate raw 

sequencing reads into high-quality and accurate SNP 

calls. Furthermore, the choice of SNP detection tools is 

critical because variant calls vary with the underlying 

algorithm, sequencing depth, genome quality, filtering 

strategy, and complexity of the biological system [7, 8]. 

These differences may impact downstream 

interpretation, along with false-positive and false-

negative SNP calls, reproducibility across studies, and 

the selection of candidate variants for biological or 

clinical validation [7, 8].  

Beyond drug response, SNP tools enable the 

development of diagnostic and prognostic algorithms 

that integrate multi-omics and clinical information to 

identify biomarkers and guide precision therapies for 

complex diseases, including cancer and cardiovascular 

disorders  [9-12]. Therefore, the development of these 

diverse SNP discovery tools has assisted researchers in 

transitioning from basic genetic methods to advanced 

personalized healthcare, enabling the prediction, 

prevention, and treatment of various diseases across 

multiple biological domains (Figure 1) [12-14]. 

To our knowledge, few recent comparative reviews have 

(i) compared Pileup-based, Haplotype-based, and 

Machine learning-based approaches across various 

organisms and sequencing platforms and translated 

these comparisons into practical tool-selection 

recommendations; (ii) presented the concept of 

Pangenomic Equity as a framework for dealing with the 

reference bias related to ancestry; and (iii) integrated the 

new AI-driven and graph-based methods in a coherent 

framework [15-17]. Despite these advancements, the 

detection process is frequently hindered by sequencing 

errors, misaligned sequences, repetitive genomic 

sequences, reference genome bias, and biological 

complexities such as polyploidy and heterogeneity. This 

review evaluates commonly used SNP detection tools 

and their underlying algorithms, specifically GATK, 

BCFtools, FreeBayes, SAMtools, and DeepVariant, 

assessing their computational challenges for 

performance trade-offs among biological complexities. 

By synthesizing the strengths and limitations of these 

tools, we provide a comparative framework to assist 

researchers in selecting and optimizing the most effective 

pipelines for diverse genomic applications. Furthermore, 

this review examines the potential of new bioinformatics 

techniques, such as pangenome-aware variant calling 

and the use of artificial intelligence, to address persistent 

challenges in genomic studies, including reference bias 

and low-coverage data, and offers a technical and ethical 

roadmap for the future of inclusive research. 

 
Figure 1: Application of single nucleotide polymorphism 

(SNPs) detection in biological and translational research. The 

diagram illustrates the role of SNP discovery across various 

fields, including microbial adaptation, agricultural 

improvement, human disease diagnostics, evolutionary 

biology, and cancer genomics.  
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Methodology 
This review aims to provide a narrative and comparative 

overview of SNP detection strategies, tools, algorithms, 

challenges, and applications in genomic research. The 

literature was searched using PubMed, Google Scholar, 

Web of Science, and official software documentation. 

This review focuses on publications from the past decade 

(2015–2025) to reflect recent developments in sequencing 

technology, variant calling algorithms, machine learning, 

and pangenome-based methods. Keywords included 

“SNP detection,” “variant calling”, “GATK”, “BCFtools”, 

“FreeBayes”, “SAMtools”, “DeepVariant”, “short-read 

sequencing”, “long-read sequencing”, “pangenome 

variant calling”, “graph genome”, “machine learning 

variant calling”, and “deep learning SNP detection”. 

Articles were prioritized if they focused on primary tools 

for SNP calling, benchmarking, comparisons of 

sequencing platforms, pangenome and/or graph-based 

variant detection, or major biological and computational 

challenges in SNP discovery. Foundational publications 

outside this period were also cited when necessary to 

describe original tools or core methodological concepts. 

Pipeline for single nucleotide 
polymorphism (SNP) detection 
A standard bioinformatics workflow for detecting SNPs 

from sequencing data is based on several fundamental 

steps designed to accurately determine and confirm the 

existence of genomic variants (Figure 2). The SNP 

detection process begins with raw sequencing data 

generated using NGS platforms, such as Illumina or 

Oxford Nanopore Technologies (ONT). Quality control 

tools, such as FastQC and Trimmomatic, screen reads for 

base quality scores, adapter contamination, and read 

length. Filtered reads are then aligned to a reference 

genome using high-performance aligners, such as BWA, 

Bowtie2, or STAR, producing an alignment file (e.g., 

BAM format) that indicates the correspondence of 

sequencing reads to the reference genome. During post-

alignment processing, the alignments are further refined 

to ensure precise variant calling by identifying duplicates 

(reads created by PCR amplification) and recalibrating 

base quality scores to eliminate systematic errors. 

Notably, while earlier pipelines required a separate local 

realignment for insertions/deletions (indels), modern 

tools, such as GATK pipelines (v3.6+ and v4.0), have 

integrated this IndelRealigner step into the variant 

calling or HaplotypeCaller algorithm [18], streamlining 

the workflow. Subsequently, variant callers, such as 

GATK HaplotypeCaller, FreeBayes, and SAMtools 

mpileup, identify SNPs by detecting mismatches against 

the reference genome. To minimize false-positives, raw 

SNP calls are filtered by depth coverage, allele frequency 

and strand bias, followed by functional annotation using 

SnpEff or ANNOVAR. Final SNP validation can be 

displayed in a genome browser (IGV or UCSC) or cross-

confirmed through complementary laboratory 

procedures such as DNA melting analysis or allele-

specific PCR [19]. In a specific study using SGSautoSNP 

for complex genomes, an SNP detection accuracy greater 

than 93% was reported; therefore, this value should be 

interpreted as study- and tool-specific rather than as a 

general accuracy estimate for all SNP detection pipelines. 

This automated, less expensive pipeline has been 

successfully applied to large and complex genomes, 

including polyploid organisms, and supports a variety of 

output formats, such as VCF and BCF formats [19, 

20]. Wet-lab approaches, such as DNA ligation and 

rolling circle amplification, may serve as orthogonal 

validation or genotyping methods, but they are not part 

of the standard bioinformatics SNP-calling pipeline [21]. 

Furthermore, the use of containerization and 

standardization of tools increases reproducibility and 

pipeline robustness [15, 22]. 

 
Figure 2: Standard bioinformatics pipeline for SNP detection 

from NGS data. The workflow illustrates the sequential stages 
from raw data quality control, sequence alignment, and post-
alignment refinement to variant calling, functional annotation, 

and final validation. 

Figure 3: Classification of SNP detection algorithms based on 
methodological approaches. The diagram outlines the three 
primary categories of variant calling strategies: pileup-based, 

haplotype-based, and Machine Learning-based methods. 

SNP detection algorithm classification  
 SNP detection algorithms are categorized into three 

methodological frameworks: pileup-based, haplotype-

based, and machine learning-based methods. Figure 3  
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provides a conceptual overview of these three major 

classes, and Table 1 summarizes their defining features, 

representative tools, strengths, limitations, and 

applications.  

Pileup-Based Methods 
Pileup-based methods compare aligned sequence reads 

(pileups) at specific genomic positions against a reference 

to identify SNPs by evaluating the frequency and quality 

of nucleotide changes at detection sites. This method is 

often applied in next-generation sequencing data 

processing when base calls from multiple reads are 

accumulated to distinguish true variants from 

sequencing noise. Pileup-based approaches are simple 

and commonly used, and are integrated into variant 

callers, such as SAMtools mpileup and BCFtools. In 

contrast, the GATK HaplotypeCaller is better classified as 

a haplotype-based method because it uses local 

haplotype assembly. Although pileup-based methods are 

computationally efficient and highly sensitive at high 

coverage, they may struggle in complex genomic regions 

or with low-coverage data. Conversely, multi-sample 

calling strategies using pileup data can improve variant 

calling accuracy [23-25]. The core concept of the pileup-

based approach is to decide: “Is the observed base 

different from the reference often enough to be real?”  

Haplotype-Based Methods 
These techniques examine clusters of co-segregating 

SNPs as haplotype blocks, rather than isolated sites. In 

variant calling, these methods perform local assembly or 

haplotype reconstruction to determine which candidate 

haplotypes best explain the observed sequencing reads. 

Representative tools include the GATK HaplotypeCaller 

and FreeBayes [26-28]. This approach informs the 

imputation of missing genotypes and determines 

historical genetic connections within a population. 

Haplotype block structures and tagging strategies are  

utilized in software tools to select representative SNPs for 

association studies [29, 30]. The primary goal of the 

haplotype-based approach is to understand which 

haplotype best explains the sequence reads.  

Haplotype analyses have elucidated ethnic variations in 

genes, such as GRK4, related to hypertension, revealing 

population-specific haplotype structures and frequencies 

relevant for association interpretations [31]. They also 

enhance the fine mapping of disease loci, complementing 

single SNP analyses with a richer genetic context. 

Emerging advances in high-throughput genotyping, 

statistical modeling, and population-specific haplotype 

maps are progressively improving haplotype inference 

and interpretation, enabling integration with functional 

genomics for a deeper understanding of complex disease 

genetics [32, 33]. Thus, haplotype-based methods remain 

pivotal for dissecting genetic contributions to phenotypes 

beyond single SNP analysis. 

 

Machine Learning-Based Methods 
Machine learning (ML) techniques, including the random 

forest (RF) algorithm and support vector machines 

(SVM), contribute to SNP detection by identifying 

complex patterns in high-dimensional data that 

traditional statistics may miss. These methods improve 

classification and phenotype-prediction performance in 

genome-wide association studies (GWAS) and 

population genetics by effectively handling such datasets 

and capturing nonlinear relationships [34, 35]. Recent 

research indicates that using machine learning models,  

Table 1 Classification of SNP Detection Algorithms. 

Algorithm Core Principle Representative 
Tools 

Strengths  Limitations Applications Sources 

Haplotype-
based 

Performs local 
assembly to infer 
haplotypes 
explaining read 
data 

GATK 
Haplotype 
Caller, FreeBayes 

High precision and 
sensitivity; 
improve indel and 
complex variant 
detection 

Computationally 
intensive; sensitive 
to preprocessing 
quality 

Clinical 
genomics, 
WGS/WES, 
cohort studies 

[26, 27, 
37] 

Machine 
learning–
based 

Learn patterns of 
true variants from 
training data using 
statistical or deep 
learning models 

DeepVariant, 
PolyBayes (ML-
enhanced) 

High precision and 
sensitivity; reduce 
false- positives; 
adaptable across 
platforms 

High 
computational 
requirements; 
dependent on 
training data 
quality 

Clinical-grade 
variant calling, 
large-scale 
genomics 

[36, 38, 
39] 

Pileup-
based 

Evaluate base 
frequencies and 
qualities at each 
genomic position 
relative to a 
reference 

SAMtools 
mpileup, 
BCFtools 

Fast, simple, low 
computational 
cost; effective at 
moderate to high 
coverage 

Reduced precision 
and sensitivity in 
repetitive regions 
and low- coverage; 
limited haplotype 
resolution 

Population 
genomics, non-
model 
organisms, 
low-cost 
analyses 

[23-25] 
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such as RF for feature selection and SVM for 

classification, can help predict an individual's likelihood  

of developing asthma based on SNP data [34]. Machine 

learning methods effectively automate the filtering 

process and minimize manual validation. For example, 

an earlier study combining PolyBayes with an ML 

classifier (C4.5) reported an increase in precision, also 

known as positive predictive value (PPV), from 7.8% to 

Table 2: Technical comparison of SNP Detection Tools. 

Tool Best Application Algorithm / 

main feature 

Key Strength Limitations Practical recommendation 

GATK 

Human 

WGS/WES, 

clinical research, 

and cohort-level 

studies. 

Haplotype-

based local 

assembly and 

probabilistic 

variant calling. 

Widely used 

standard for 

human 

WGS/WES; 

supports joint 

genotyping; and 

has strong 

documentation 

and community 

support. 

Computationally 

intensive and 

requires 

preprocessing and 

filtering less 

convenient for 

small or resource-

limited projects. 

It is recommended for human 

WGS/WES and cohort studies 

when high accuracy, 

reproducibility, and 

standardized workflows are 

priorities. Use variant quality 

score recalibration (VQSR) 

when suitable training 

resources are available; 

otherwise, apply carefully 

optimized hard filters. 

BCFtools 

Non-human 

species, large 

cohorts, and 

population 

genomics. 

Pileup- and 

genotype-

likelihood-

based variant 

calling and 

filtering. 

Fast, flexible, 

open-source, and 

computationally 

efficient; useful 

for large cohorts 

and non-model 

organisms. 

Reduced sensitivity 

to complex indels 

and structural 

variants. 

It is recommended when 

speed, flexibility, and low 

computational cost are 

important, especially for non-

model organisms and large 

population datasets. Strict 

filtering is required for low-

depth or repetitive regions. 

FreeBayes 

Highly 

polymorphic 

regions in 

diverse 

organisms. 

Bayesian 

haplotype-

based variant 

detection. 

Detects multi-

allelic variants 

and can model 

complex allele 

structures; does 

not require 

known variant 

databases. 

Slower than pileup-

based callers; 

requires careful 

parameter 

optimization; 

reduced sensitivity 

at low coverage. 

It is recommended for 

haplotype-aware SNP 

discovery, multi-allelic sites, 

highly polymorphic regions, 

and polyploid or mixed 

samples, especially when 

sufficient sequencing depth is 

available. 

SAMtools 

mpileup - 

BCFtools 

call 

Rapid 

exploratory SNP 

discovery, low-

cost workflows, 

and low-

coverage 

screening. 

Pileup-based 

evidence from 

aligned reads 

combined with 

downstream 

variant calling 

in BCFtools 

It is stable, widely 

used, lightweight, 

and useful for 

quick preliminary 

variant discovery. 

Requires substantial 

downstream 

filtering; less 

powerful for 

complex variants; 

RNA-seq variant 

calling can be 

affected by splicing, 

allele-specific 

expression, and 

RNA editing. 

It is recommended for 

exploratory SNP discovery and 

preliminary screening. The 

final interpretation should use 

strict filtering, validation, or 

comparison with another 

caller. 

DeepVariant 

High-accuracy 

SNP and small 

indel calling; 

high-quality 

WGS; PacBio 

HiFi or ONT 

data when 

platform-

matched models 

are available. 

Deep-learning-

based variant 

calling from 

read pile-up 

images. 

Low error rates in 

benchmarked 

datasets, strong 

performance in 

difficult genomic 

regions, and 

reduced manual 

filtering. 

High computational 

cost (often requiring 

GPU acceleration), 

limited structural 

variant detection 

and dependency on 

platform-specific 

training data, and 

limited 

interpretability. 

This is recommended when 

maximum SNP/small indel 

accuracy is required and 

sufficient computational 

resources are available. 

Training data bias and 

platform compatibility should 

be considered, especially for 

underrepresented populations 

and non-model organisms. 
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84.8%; however, this benchmark should be interpreted as 

an older example of ML-assisted SNP discovery rather 

than as representative of current deep learning-based 

variant callers. While both PolyBayes and the ML 

classifier identified a similar number of true positives, the 

ML classifier greatly reduced false-positive SNP calls, 

generating only 249 false-positives compared to 16,955 

for PolyBayes. This justifies the inclusion of ML as an 

auxiliary component of SNP discovery to improve 

filtering efficiency processes [36]. The fundamental 

philosophy of a machine learning-based approach is “Let 

the model learn how real SNPs look.” 

Collectively, these three categories of SNP detection 

methods–pileup-based algorithms for raw variant 

calling, haplotype-based approaches leveraging 

population-level genomic structure, and machine 

learning techniques for complex pattern recognition–

offer complementary strengths that researchers utilize 

depending on the data type, study aims, and available 

computational resources.  

Comparative evaluation of SNP detection 
tools 
This section provides a detailed assessment of the most 

widely utilized SNP discovery tools, highlighting their 

algorithmic foundations and performance trade-offs 

(Table 2). To provide a more structured comparison, the 

tools were evaluated according to sequencing platform, 

biological application, genome complexity, coverage 

depth and computational requirements. GATK and 

DeepVariant are typically more appropriate for short-

read Illumina WGS/WES in human or clinical studies, as 

they are more accurate, have a more standardized 

workflow, and are more effective at detecting SNPs and 

small indels than other tools. In case of non-human 

species, microbial genomics, and large population 

datasets, BCFtools and SAMtools are sometimes more 

convenient due to their speed, flexibility, and low 

memory usage. FreeBayes is also useful when the region 

is highly polymorphic, the site is multiallelic, or the 

sample is polyploid or mixed; however, it requires 

adequate sequencing depth and careful parameter 

optimization. DeepVariant and other long-read-aware 

callers can be used for long-read Pacific Biosciences 

(PacBio) or ONT datasets to yield better results in 

challenging regions of the genome but should be used 

with platform-specific error profiles and computational 

costs in mind[24, 25, 38, 39]. 

The ranked performance of GATK and DeepVariant 

differs across studies, as both depend on coverage depth, 

evaluation metrics, read mappers, and whether they are 

measuring single-nucleotide variants (SNVs) or indels. 

At 30×, GATK and DeepVariant achieved almost equal 

SNV F1-scores in one NA12878 WGS study, with 

DeepVariant outperforming GATK in the case of indels 

[28]. A trio exome study demonstrated that DeepVariant 

achieved a lower Mendelian error rate than GATK (3.09% 

vs. 5.25%) [40]. A systematic benchmark also revealed 

that the ranking of GATK was sensitive to its filtering 

strategy (with hard filtering, it was a close runner-up to 

DeepVariant, while with 2D-CNN filtering, it ranked 

worst on SNPs), and that the choice of aligner had a 

significant impact on the other callers as well [41].  

GATK 
The Genome Analysis Toolkit (GATK) is highly accurate 

and sensitive in SNP detection, utilizing advanced 

algorithms such as HaplotypeCaller, which performs 

local de novo assembly and probabilistic modelling to 

minimize false- positives. GATK aligns well with joint 

genotyping workflows, allowing cohort-level variant 

calling that improves the accuracy of homozygous 

reference genotypes while remaining versatile across 

multiple data types, such as whole-genome, exome, and 

RNA-seq data. A significant advantage of GATK is its 

large community adoption, frequent updates, and 

extensive documentation, which support its 

reproducibility and extensive use [27]. However, GATK 

requires substantial computational resources and user 

expertise to optimize complex parameters and filtering 

processes. The precision of variant calls depends on 

preprocessing, including indel realignment and base 

quality score recalibration, which means that poorly 

prepared data can negatively affect results and may 

produce false- positives in complex genomic regions such 

as repetitive or structured areas. Additionally, although 

GATK HaplotypeCaller can detect SNPs and small 

indels, larger indels, copy-number variants, and 

structural variants require specialized workflows or 

complementary tools, such as GATK-SV, GATK germline 

copy-number variant tools, Manta, and DELLY [42-44]. 

BCFtools 
BCFtools is recognized for speed, efficiency, and 

flexibility in processing and analyzing high-throughput 

sequencing data in population genomics and non-human 

datasets. The moderate-coverage performance claim is 

supported by empirical benchmarking in non-human 

systems, including chicken NGS datasets evaluated 

across approximately 5X, 10X, 20X, and 30X coverage 

levels, where BCFtools-multiple showed high sensitivity 

across this range, with performance generally improving 

as sequencing depth increased. It provides a 
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comprehensive suite of tools for variant calling, filtering, 

and annotation and is freely available under an open-

source license [23, 24, 45]. Additionally, it supports 

efficient genotype likelihood modeling and includes 

extensions such as BCFtools/RoH for detecting runs of 

homozygosity [46]. Although computationally efficient, 

BCFtools requires careful parameter tuning for complex 

variant types, including indels and structural variants, 

compared with larger toolkits, such as GATK. Because 

BCFtools relies on pileup-based evidence and genotype 

likelihoods, its variant calls can be affected by low read 

depth, poor mapping quality, multi-mapping reads, 

indel-associated artifacts and repetitive genomic regions. 

These conditions may contribute to missed variants or 

false-positive calls if filtering parameters are not 

optimized [45, 47].  

FreeBayes 
FreeBayes is a Bayesian genetic variant detector that 

performs haplotype-based variant calling and is 

optimized for highly polymorphic regions, multi-allelic 

sites, and small indels, where haplotype-aware calling 

can provide advantages over SNP-only approaches. 

When used in combination with suitable data processing 

strategies, its probabilistic model has been adapted for 

specialized data types, such as bisulfite sequencing; 

however, this requires additional modification, such as 

base-quality score manipulation, and should not be 

interpreted as having broad default applicability to all 

difficult data types. FreeBayes has been benchmarked as 

being competitive in sensitivity and precision with other 

popular callers, such as GATK and SAMtools; however, 

these performance comparisons are context-dependent 

and have been reported in specific systems, including 

plant and chicken genome datasets, rather than 

representing universal performance across all organisms 

or sequencing designs [25, 45, 48]. However, FreeBayes 

sensitivity can drop at low allele frequencies or low-

coverage, and its processing speed is generally slower 

than some specialized callers for particular data types or 

complex genomic datasets [23, 45]. 

SAMtools mpileup 
 SAMtools mpileup offers a robust and practical 

technique for SNP finding and variant calling in large-

scale sequencing data, particularly when paired with 

widely used mapping software such as BWA-MEM [49]. 

In current workflows, SAMtools mpileup is commonly 

used together with BCFtools, as variant-calling 

functionality was separated from SAMtools into 

BCFtools after the SAMtools v1.0 workflow transition. 

Benchmarking in large plant genome resequencing 

showed that SAMtools mpileup achieved performance 

comparable to GATK under specific mapping and 

filtering conditions, including a strong overall AUC 

performance when raw reads were mapped with BWA-

MEM [7, 8]. Therefore, SAMtools mpileup may be useful 

for exploratory SNP discovery in low-coverage or 

complex non-model datasets, but low-coverage remains 

a general limitation for all SNP callers and requires 

careful filtering, validation, and interpretation. However, 

SAMtools mpileup may not be as powerful in identifying 

complex variants or low-frequency mutations without 

additional filtering steps. Similarly, the alignment quality 

and chosen mapper can affect its performance [8, 25, 50]. 

DeepVariant 
DeepVariant utilizes deep learning neural network 

models to provide an automated pipeline that minimizes 

human error and scales efficiently to large datasets, 

delivering high accuracy and often surpassing traditional 

SNP callers across various sequencing platforms and 

genomic datasets [39]. For example, Hall et al. 

benchmarked deep learning-based variant callers on 

bacterial nanopore sequencing data and reported a 

strong performance for DeepVariant in that context [38]. 

Additionally, it is an open-source tool, which allows it to 

be transparent, contribute to the community, and 

continue to improve. Nonetheless, the substantial high-

cost computational power, potential training 

data/modeling biases, and high-skilled operation 

requirements remain the primary limitations of 

DeepVariant for broad adoption in resource-constrained 

environments. The recent development of deep learning-

based variant calling has also expanded beyond single-

sample analysis; for example, DeepTrio extends the 

DeepVariant framework to child-parent trio or duo 

sequencing data and improves variant calling by jointly 

using familial sequence information [51]. Additionally, 

despite its high accuracy, false-positive or false-negative 

results may still occur, particularly in complicated or 

substandard genomic areas in complex, low-quality, or 

underrepresented genomic regions [39].  

Advancements in bioinformatics enhancing 
SNP discovery from next-generation 
sequencing data 
Computational Acceleration and Workflow 
Optimization 
Recent developments in bioinformatics have vastly 

improved SNP discovery using next-generation 

sequencing (NGS) data, leading to increased processing 

efficiency, accuracy, error reduction, and analytical 

capacity. A key development involves optimized 
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algorithms and computing frameworks, such as 

enhanced versions of the Genome Analysis Toolkit 

(GATK), including Parabricks and Sentieon, which 

dramatically reduce the processing time for large human 

genomic datasets while maintaining high concordance 

with standard GATK outputs rather than representing 

absolute variant-calling accuracy against ground-truth 

datasets [52-54]. These improvements allow for the rapid, 

high-throughput analysis required to handle the massive 

data volumes generated by NGS. Additionally, refined 

error-correction algorithms across biological domains, 

including immunogenomics and virology, help minimize 

sequencing errors, although researchers must still 

carefully balance sensitivity and precision based on the 

data type [55].  

Error Correction, Alignment, and Variant-Calling 
Improvements 
Modern tools now integrate sophisticated sequence 

alignment and SNP-calling algorithms, employing suffix 

array-based aligners and highly sensitive hash-based 

aligners. Additionally, SNP and genotype calling 

algorithms utilize heuristic and probabilistic methods to 

effectively discern true polymorphisms from sequencing 

noise and errors [16].  

Feature Selection and Dimensionality Reduction 
To manage the computational burden and overfitting 

with high-dimensional NGS data, feature selection and 

extraction approaches, such as statistical, machine, and 

deep learning techniques, have improved dimensionality 

reduction, model performance, interpretability, and 

computational efficiency. Such innovations enhance SNP 

identification and derive biological information from 

complex datasets [35, 36].  

Whole-Genome Resequencing and Plant Genomics 

The implementation of improved bioinformatics 

pipelines and whole-genome resequencing (WGR) 

systems allows SNP detection, validation, and 

genotyping on a genome-wide scale in plants. WGR 

coupled with bulked segregant analysis can be used to 

increase the speed of causal mutation and quantitative 

trait loci (QTL) mapping. Also, long-read sequencing 

platforms, accompanied by more advanced 

bioinformatics, are likely to bring major advantages of 

accuracy and utility due to the fact that NGS is inherently 

limited [56]. 

SNP detection across sequencing platforms 
SNP detection is currently dominated by short-read 

sequencing platforms, such as Illumina, which are 

characterized by low error rates and high throughput. 

Typically providing reads of 50-300 base pairs, these 

platforms provide comprehensive coverage, acceptable 

base quality, low duplication rates, and high accuracy for 

determining SNPs and minimal insertions or deletions 

(indels), with wide applications in population genetics 

and disease association studies [57, 58]. However, the 

limitations of short-read platforms are most evident in 

genomic regions where short sequences cannot be 

uniquely mapped. This mapping ambiguity, mainly in 

regions such as centromeres, telomeres, and segmentally 

duplicated areas, results in an incomplete representation 

of the SNP landscape associated with complex 

neurodevelopmental, diabetes, and cardiovascular traits 

[59, 60].  

In contrast, long-read sequencing platforms, including 

ONT and PacBio, produce reads spanning thousands of 

base pairs, enabling superior resolution of complex 

genomic genotypes, repetitive sequences, structural 

variants, and haplotype phasing, addressing several 

drawbacks inherent to short-read technology. Although 

long-read technologies have historically suffered from 

higher per-base error rates, recent improvements, such as 

ONT R10.4.1/Q20+ chemistry, have been reported to 

achieve greater than 99% raw-read accuracy, improving 

their usefulness for SNP detection at sufficient coverage 

depths [61]. PacBio HiFi reads, generated through 

circular consensus sequencing (CCS), have also been 

reported with approximately 99.8% average read 

accuracy and an average read length of 13.5 kb, while 

broader HiFi datasets commonly report read accuracies 

greater than 99.5% with read lengths of approximately 

10–25 kb [62, 63]. Long-read sequencing excels at 

detecting variations in repetitive or challenging regions 

that cannot be effectively resolved by short reads. This 

capability is particularly valuable in applications such as 

antimicrobial resistance gene identification and 

comprehensive genome assembly [57–58, 64, 65]. This 

advancement was instrumental in the first complete 

Telomere-to-Telomere (T2T-CHM13) human genome 

assembly, which uncovered over 2 million previously 

inaccessible variants in highly repetitive heterochromatic 

regions [4]. Consequently, the integration of multi-

platform pipelines—combining the raw depth of short 

reads with the structural clarity of HiFi and ONT—is 

becoming the gold standard for exhaustive SNP 

discovery across all genomic domains [4, 61-63, 66].  

 SNP detection applications 

SNP technology is extensively used in biomedical 

research, clinical diagnostics and personalized medicine. 

It is vital for identifying genetic variations linked to 

diseases and allows accurate molecular characterization 
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across diverse fields. SNP microarrays are widely applied 

to tumor genomes to identify heterozygotic loss, copy 

number alterations, and cancer predisposition markers, 

such as DNA methylation, genetic mutations in tumor 

suppressor genes, or inherited gene changes, informing 

diagnosis and prognosis [67]. Another critical field where 

SNP detection plays an important role is 

pharmacogenomics. Mapping SNPs related to drug 

response, toxicity, or metabolism allows clinicians to 

customize drug treatments based on personal genetic 

data, enhancing effectiveness and minimizing adverse 

effects. For example, SNPs in pharmacogenomic genes 

such as COMT, HTR2A, CYP2D6, CYP2C19, and ABCB1 

have been associated with variations in drug response, 

analgesic effect, and antidepressant dosing, supporting 

their relevance to personalized treatment strategies [68-

70]. The development of large SNP databases in 

combination with clinical data is ongoing for 

personalized medicine strategies [71]. In evolutionary 

and population genomic analyses, tools such as 

SNPGenie can use pooled NGS-derived SNP data to 

estimate nucleotide diversity, codon-level variation, and 

gene- or genome-wide signals of natural selection, 

supporting the functional interpretation of SNP datasets 

[72]. Infectious disease surveillance and variant detection 

technologies also rely on SNP detection methods. For 

example, nucleic acid probe-based multiplexed electrical 

detection assays facilitate the use of single-nucleotide 

specificity and speed in the rapid discrimination of viral 

subtypes, such as SARS-CoV-2 variants, and facilitate 

large-scale pandemic screening [73]. Other applications 

include forensic analysis, gene expression profiling, 

complicated disease research, and the development of 

portable real-time biosensors for genetic diagnostics. 

Complementary wet-lab and hardware-based platforms, 

including microarray-based, biosensor-based, and 

electrochemical SNP detection methods, can expand 

targeted SNP genotyping options; however, these 

approaches should be interpreted as supporting 

technologies rather than replacements for computational 

SNP-calling workflows [74]. 

Challenges in SNP detection 
SNP detection faces multiple technical and biological 

challenges despite significant advances in sequencing 

technologies and bioinformatics. Reference genome bias 

remains a primary concern. The reliance on a single 

reference genome is not enough to capture the global 

genetic diversity present in the populations [75, 76]. 

When the linear reference genome lacks the ancestral 

diversity of the sample being sequenced, reads 

containing non-reference alleles are often misaligned or 

discarded as sequencing noise. Additionally, using a 

distantly related species or an incomplete genome 

assembly can lead to incorrect mapping, biased estimates 

of genetic diversity, inaccurate detection of SNPs, and 

misinterpretation of structural genomic features, such as 

chromosomal rearrangements, heterozygosity, and 

nucleotide diversity [77]. Sequencing errors, including 

base-calling mistakes and amplification artifacts, can 

introduce false variants, a major issue for true variant 

calls in low-coverage datasets (e.g., ≤15×), where 

supporting reads are insufficient for confident 

heterozygous genotype calling [78, 79].  

Genome complexity also poses significant mapping 

difficulties. Repetitive genomic regions lead to multi-

mapping or misalignment, false-positive calls, or missed 

polymorphisms, especially in repeat-rich and large 

genomes, such as those of many plant species, 

complicating SNP discovery and reducing the reliability 

of variant calls [80, 81]. Furthermore, polyploidy and 

heterozygosity complicate variant calling by requiring 

specialized algorithms to distinguish between 

homeologous variants and true SNPs. Effectively 

managing these challenges requires greater coverage, 

rigorous preprocessing, and refined algorithms for 

reliable SNP discovery, particularly in non-model or 

recently hybridized species [82-84]. 

Some of the challenges are not merely data-collection 

issues but algorithmic ones. For example, pileup and 

haplotype-based callers show false-negative rates in 

populations with a high genetic-distance from the 

reference genome resulting in genomic exclusion which 

leads to the misclassification of pathogenic variants or 

failure to identify pharmacogenomic markers [85].  

To minimize these biases, the field is transitioning toward 

Pangenomic Equity. The 2023 release of the first draft 

human pangenome reference by the Human Pangenome 

Reference Consortium (HPRC) provided 47 phased 

diploid assemblies from genetically diverse individuals 

and added approximately 119 million base pairs of 

euchromatic polymorphic sequences relative to GRCh38 

[86]. However, the growth of pangenomics demands 

high computational resources, particularly extensive 

memory for processing complete graphs, specialized 

visualization tools and sophisticated indexing methods. 

These requirements ultimately create challenges in 

clinical interpretation, as well as a trade-off between 

comprehensiveness and usability [87]. 

While AI-driven variant calling improves efficiency and 

scalability, it also introduces significant risks of training 
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bias. If deep learning-based variant callers, such as 

DeepVariant for SNP/small-indel detection, DeepTrio 

for family based variant calling, Clair for long-read 

germline variant calling, or Medaka for Nanopore 

consensus and variant calling, are trained predominantly 

on Genome in a Bottle (GIAB) datasets, the model 

performance may be limited by the diversity of the 

training data and may overfit to the error profiles of 

specific genomes or sequencing platforms. Additionally, 

because the interpretation of AI models is limited by their 

trained datasets, their reproducibility and user 

confidence remain questionable, especially in diagnostic 

and clinical workflows [17].  

In general, published benchmarking studies indicate that 

the performance of SNP calling is context-specific and not 

consistent across all tools. There are several reasons why 

different studies may have different tool rankings, 

including variations in the sequencing platform, 

coverage depth, reference genome quality, mapper used, 

filtering thresholds, organism type, and validation 

strategy. Thus, there is limited or inconsistent evidence 

for low-coverage datasets, repetitive genomic regions, 

polyploid or highly heterozygous genomes, non-model 

organisms, long-read platforms, AI-assisted callers, and 

pangenome-aware workflows [7, 8, 25, 38]. These 

conflicting rankings across benchmarking studies are 

largely driven by differences in datasets, sequencing 

platforms, filtering strategies, and specific evaluation 

metrics.  

 Emerging trends and future directions 
Emerging trends in SNP detection are increasingly 

driven by a shift from linear, reference-based models 

towards multi-modal artificial intelligence (AI), deep 

learning, and novel genomic frameworks, such as graph-

based reference genomes and pangenome-aware variant 

calling, along with improved tools tailored for non-

model organisms.  

AI and deep learning are increasingly improving SNP 

detection by enabling highly accurate and scalable 

variant calling from next-generation sequencing (NGS) 

data. Deep convolutional neural networks, exemplified 

by tools such as DeepVariant, outperform traditional 

statistical models by learning complex patterns in 

sequencing read pileups to identify genetic variants with 

high precision [39, 88]. Furthermore, emerging shifts 

toward explainable AI (XAI) allow researchers to use 

interpretability approaches to better understand model-

based predictions [89]. Therefore, future directions 

should emphasize interpretable AI models and 

integrative frameworks that combine multi-omics data to 

enhance precision medicine applications and clinical 

trust [12, 13, 17]. However, AI-powered variant calling is 

still not perfect. It relies on the quality, diversity, and 

platform relevance of training datasets. AI callers may 

exhibit lower accuracy in underrepresented populations, 

non-model organisms, repetitive regions, low-quality 

samples, or sequencing platforms with varying error 

profiles [17, 38, 39]. Another limitation is the high 

computational cost, need for GPUs, lack of 

interpretability, and lack of benchmarking in a variety of 

organisms, which are important obstacles to the routine 

use of the approach [17, 39]. 

Graph-based reference genomes and pangenome models 

are emerging as transformative frameworks that 

overcome the limitations of linear reference genomes by 

simultaneously representing multiple haplotypes and 

diverse genomic variants within a graph structure. 

Pangenome graphs improve read mapping and variant 

detection accuracy and can represent complex genomic 

variations at multiple scales [90]. Tools such as the 

Minigraph-Cactus pipeline allow the construction of 

pangenomes directly from whole-genome alignments 

and support the analysis of large collections of related 

genomes, including non-human data [91]. Additionally, 

PanGenie uses k-mer-based genotyping with a 

haplotype-resolved pangenome reference to genotype 

SNPs, indels, and structural variants. The reported 

greater than fourfold speed improvement at 30-fold 

coverage should be attributed specifically to PanGenie 

benchmarking rather than Minigraph-Cactus 

pangenome construction [91, 92]. However, pangenome-

based approaches remain constrained by high memory 

usage and computational costs, complex graph building, 

underdeveloped visualization tools, and the absence of 

standardized clinical interpretation tools. In contrast to 

traditional linear reference-based pipelines, variant 

annotation and reporting are more challenging in graph-

based systems [87, 90, 93, 94]. 

Future SNP detection methods should also prioritize 

pangenome-aware variant calling, wherein variant 

discovery pipelines incorporate the complex variation 

encoded in pangenome graphs rather than relying on a 

single linear reference. This approach enhances 

sensitivity and accuracy, particularly in structurally 

diverse regions of the genome and in populations that are 

inadequately represented by current reference sequences 

[90]. Additionally, improved computational tools are 

being developed for SNP detection in non-model 

organisms, which have traditionally lacked rich genomic 

resources. Some AI-enabled variant calling models have 
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shown potential beyond human datasets, but their 

performance in non-human species still requires careful 

benchmarking and validation. Pangenome construction 

pipelines have also demonstrated applicability beyond 

humans, such as in Drosophila melanogaster and plant 

species, such as rice, broadening the scope of genetic 

variant discovery in ecological and agricultural research 

[39, 91, 95].  

It is also crucial to differentiate between well-developed 

technologies and those still in development. Many 

pipelines and variant callers for short-read Illumina 

WGS/WES are already well established for rapid SNP 

discovery in human, microbial, plant, population-

genomic, and clinical studies [23, 26, 27, 39, 58]. However, 

variant callers based on transformers, explainable AI 

frameworks, federated learning models, graph-based 

clinical pipelines, and routine pangenome-aware clinical 

interpretation are still under development [89-92]. These 

new methods offer the potential for more efficient SNP 

discovery in various populations and challenging 

genome regions, but need to be further benchmarked, 

standardized, computationally optimized, and better 

interpreted [87, 90, 93, 94]. Ultimately, the clinical 

implementation of these AI-based and pangenome-

aware workflows still requires large-scale validation 

before widespread adoption.  

 Conclusion 

SNP detection continues to be a cornerstone of genomic 

research, supporting an extensive range of scientific and 

clinical applications worldwide. This review 

demonstrates that although numerous detection tools are 

available, the choice depends on several factors, such as 

the sequencing platform, organism under study, 

coverage depth, and specific research objectives. Each 

tool, such as GATK, BCFtools, FreeBayes, SAMtools 

mpileup, and DeepVariant, offers specific benefits and 

drawbacks regarding computational requirements, 

ability to handle polymorphic site complexity, and 

sensitivity to complex genomic architectures. For low-

coverage non-model organism datasets, BCFtools and 

SAMtools may be more practical than GATK due to their 

lower computational overhead and flexible parameter 

control; however, their performance depends on 

sequencing depth, mapping quality, reference genome 

quality, and filtering strategy. DeepVariant can provide 

high accuracy but requires substantial computational 

resources, preferably GPU acceleration and high-quality 

training data.  

A limitation of this review is that it is a 

narrative/comparative review rather than a uniform 

benchmarking study; therefore, tool performance was 

interpreted from published studies and reported use 

cases rather than from the reanalysis of the same datasets. 

Despite technological advancements, the identification of 

single nucleotide polymorphisms remains challenging 

because of the influence of linear reference genome bias, 

sequencing errors, and complex genome structures. 

Furthermore, issues such as low or uneven data coverage 

and biological factors, such as polyploidy and genetic 

diversity (heterozygosity), play an important role. 

Overcoming these challenges to correctly identify SNP 

sites requires a combination of rigorous preprocessing, 

parameter optimization, and robust downstream 

analyses to generate biologically significant results. 

Future studies should focus on standardized 

benchmarking rather than broad claims of immediate 

clinical implementation. Major SNP callers should be 

compared with each other in the same datasets, on the 

same sequencing platforms, with the same coverage, 

genome complexity, organism type, and pangenome-

aware workflows, using common parameters such as 

sensitivity, precision, false-positive rate, runtime, 

memory use, and reproducibility. These targeted 

comparisons will help direct the choice of tools for 

context and more accurately identify single SNPs. 
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