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Abstract The genetic dissection of complex quantitative traits has long been constrained by polygenic architecture, small effect
sizes, gene—environment interactions, and limited statistical power. In response to these challenges, statistical genetics has undergone
a paradigm evolution from linkage analysis and candidate gene strategies to genome-wide association studies (GWAS). From a
statistical genetic perspective, this study systematically reviews this methodological transition, with a focus on the changes in
underlying assumptions, data structures, and statistical models, as well as their internal logical connections. Starting from classical
assumptions such as Mendelian segregation and relatively stable recombination rates, we examine how factors including segregation
distortion, genetic background heterogeneity, and genotyping errors may affect recombination rate estimation and likelihood
distributions, thereby leading to systematic biases in linkage statistics and LOD curves. We further compare likelihood-based LOD
statistics in linkage analysis with p-value-based significance measures derived from test statistics in GWAS, highlighting their
differences in statistical foundations and significance assessment. It is emphasized that genome-wide significance thresholds
generally require empirical calibration, such as permutation testing. With the development of high-density SNP data, large population
samples, and mixed linear models, GWAS enables higher-resolution mapping by weakening locus-specific prior assumptions and
explicitly modeling population structure and relatedness. Through a systematic comparison of different approaches and their
respective limitations, this study argues that GWAS does not simply replace traditional methods, but represents a paradigm shift and
extension in terms of statistical assumptions, model structures, and analytical scales. In the context of plant molecular breeding, the
integration of GWAS with approaches such as eQTL analysis and genomic selection is expected to enhance the robustness of genetic
inference and provide stronger statistical support for breeding decisions.

Keywords Statistical genetics; Paradigm evolution; Linkage analysis; Candidate gene strategies; Genome-wide association studies
(GWAS); Mixed linear models

The genetic dissection of complex traits represents a central challenge shared by human health research and crop
improvement, with profound implications for medicine, agriculture, and evolutionary biology. Complex traits are
typically governed by polygenic effects, with genetic contributions arising not only from the cumulative action of
numerous loci with small additive effects, but also from non-additive components (e.g., interactions among
non-allelic loci, i.e., epistasis), as well as environmental influences and gene-environment interactions (GXE). In
addition, phenotypic measurement errors, population evolutionary and breeding histories (such as ancestry
structure and selection trajectories), and heterogeneity in linkage disequilibrium (LD) patterns across populations
and genomic regions may further obscure true causal genetic signals (Watanabe et al., 2019). In both human and
crop populations, this “polygenic-small-effect-environmental interaction” paradigm exhibits highly consistent
structural characteristics at the level of statistical genetics. Therefore, establishing a robust statistical framework to
uncover the genetic basis of complex phenotypes is essential for ensuring the reliability of disease prediction and
breeding decisions.

Against this background, it is necessary to clarify the concept of statistical genetics. Statistical genetics generally
refers to an interdisciplinary field that applies probabilistic models and statistical inference frameworks to analyze
the relationships between genetic variation and phenotypes using population-level data. Its core objective is to
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estimate genetic effects, characterize the genetic architecture of traits, and quantify uncertainty and predictive
performance through explicit modeling. From a historical perspective, statistical genetics did not emerge
independently from quantitative genetics, but rather represents a methodological extension built upon its
theoretical foundations. Classical quantitative genetics focuses on variance decomposition and selection theory,
using phenotypic correlations among relatives to describe the inheritance of polygenic traits. In contrast, statistical
genetics, empowered by molecular markers and genomic data, further parameterizes and models these
relationships, extending genetic analysis from “population-level variance description” to “locus-level and
genome-wide statistical inference”. Thus, the two fields are not substitutes, but reflect a paradigm evolution under
a shared research objective: quantitative genetics provides the theoretical basis (e.g., heritability and polygenic
models), while statistical genetics develops practical analytical frameworks—such as linkage analysis, variance
component models, and genome-wide association studies (GWAS)—that enable a transition from locally
hypothesis-driven approaches to genome-wide systematic modeling. This evolutionary trajectory constitutes the
central theme of the present study.

From a methodological perspective, statistical genetics research in the 20th century gradually developed along
two major analytical pathways. One is linkage analysis based on pedigrees and designed populations, which
estimates recombination rates (/) and LOD scores to localize quantitative trait loci (QTL) onto genetic linkage
maps at the centimorgan (cM) scale (including populations such as RILs, BC, and DH), and has achieved success
particularly for Mendelian traits or loci with large effects. The other pathway is based on Haseman—Elston (HE)
regression and variance component methods, which utilize genetic relatedness or identity-by-descent (IBD)
sharing for both heritability estimation and locus detection. The candidate gene approach, relying on prior
biological knowledge, provides targeted insights but has been increasingly questioned due to hypothesis bias and
limited reproducibility (Sebastiani et al., 2009; Zhang et al., 2019). These traditional approaches are constrained
by limited marker density, small sample sizes, and insufficient statistical correction, making them inadequate for
dissecting highly polygenic traits shaped by numerous small-effect loci and complex population structures,
thereby contributing to the long-standing problem of “missing heritability” (Watanabe et al., 2019).

With the advent of high-throughput genotyping technologies and large-scale population resources, the research
paradigm has shifted toward genome-wide, hypothesis-light scanning frameworks. Genome-wide association
studies (GWAS) systematically evaluate hundreds of thousands to millions of variants across the genome,
integrating mixed linear models (MLM) with genomic relationship matrices (GRM) to account for relatedness,
while using principal component analysis (PCA) to correct for population structure. In addition, multiple testing
corrections such as Bonferroni adjustment or false discovery rate (FDR) control are applied to address the issue of
multiple comparisons (Pasaniuc and Price, 2016; Tibbs Cortes et al., 2021; Uffelmann et al., 2021). GWAS has
identified thousands of genomic regions associated with traits in humans, crops, and model organisms, providing
new insights into the polygenic and pleiotropic nature of complex traits.

However, GWAS also faces several challenges, including the interpretation of signals in non-coding regions,
residual confounding from population stratification, and the gap between statistical associations and functional
causality (Zhang et al., 2024). In crop research, multi-parent population designs such as nested association
mapping (NAM) and multi-parent advanced generation intercross (MAGIC) populations serve as bridges between
linkage and association mapping, enhancing the detection of small-effect loci and enabling cross-population
validation. These developments have further promoted the integration of genomic selection (GS) and precision
breeding strategies (Tibbs Cortes et al., 2021).

From the perspective of statistical genetics, this study systematically reviews the methodological evolution from
linkage analysis and candidate gene strategies to genome-wide association studies (GWAS), with a particular
focus on the transitions in assumptions, data structures, and statistical models. By doing so, it aims to elucidate the
paradigm shift and complementary relationships among methods in the genetic dissection of complex traits.
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1 Methodological Foundations of Linkage Analysis

1.1 Statistical framework and basic principles

Linkage analysis is a classical statistical approach that detects the co-segregation between genomic regions and
traits based on genetic recombination information. Within the framework of quantitative genetics, its core
principle is to utilize recombination events occurring during meiosis to convert the genetic distance between
markers and putative causal loci into testable statistical quantities, thereby enabling the localization of
trait-associated genomic regions across the genome (Fang et al., 2001; Xu et al., 2017). For quantitative traits,
linkage analysis is typically implemented in the form of quantitative trait locus (QTL) mapping, where the
positions and effects of putative QTL are inferred statistically by integrating individual-level genotype and
phenotype data within a genetic map coordinate system (Meng et al., 2015; Zhang et al., 2015).

Within this framework, the recombination rate () is the key parameter characterizing genetic relationships among
markers. Using mapping functions (e.g., Haldane or Kosambi), 8 can be transformed into genetic distance (in
centimorgans, cM), thereby establishing a chromosomal coordinate system (Fang et al., 2001; Xu et al., 2017):

Haldane: d:‘é—ln( 1-20)

. 1 1420
Kosambi: d=—In
4 ( 1-20 )
Where, d denotes genetic distance (cM) and 6 represents the recombination rate. It should be emphasized that
these mapping functions establish a functional relationship between recombination rate and genetic distance,
providing a coordinate framework for downstream analyses, but do not themselves constitute the statistical
inference procedure of linkage analysis.

1.2 Data basis and analytical implementation

Linkage analysis typically relies on specifically designed populations, such as biparental crosses (F2, backcross
populations) and derived populations including recombinant inbred lines (RILs) and doubled haploids (DH),
which are generated through repeated selfing or haploid doubling. These populations provide observable
segregation and recombination of alleles and thus form the basis for linkage analysis (Meng et al., 2015; Xu et al.,
2017). In model species and major crops, the development of standardized population resources and high-density
genotyping platforms has further enabled the use of multi-parent populations, such as multi-parent advanced
generation intercross (MAGIC) populations and nested association mapping (NAM) populations, which increase
recombination density and mapping resolution (Zheng et al., 2019; Qu et al., 2020).

Based on molecular marker genotyping data from these populations, genetic linkage maps can be constructed to
describe the relative positions of markers and their recombination relationships. It is important to note that linkage
map construction is a data preparation step that provides a spatial coordinate framework for subsequent statistical
inference, rather than constituting linkage analysis itself (Fang et al., 2001; Meng et al., 2015). Building upon this
framework, linkage analysis integrates marker genotypes and phenotypes of individuals to detect linkage between
genomic regions and QTL. Therefore, QTL mapping can be regarded as the concrete implementation of linkage
analysis in quantitative trait studies (Zhang et al., 2015; Xu et al., 2017).

From a statistical modeling perspective, linkage analysis methods can be broadly categorized into two classes.
One is based on likelihood ratio testing, using the LOD (logarithm of odds) score as the core statistic, which
evaluates evidence for linkage by comparing likelihoods under the “linkage” and “no linkage” hypotheses. The
other is based on regression or correlation frameworks, such as Haseman—Elston (HE) regression, which detects
linkage signals by modeling the relationship between identity-by-descent (IBD) sharing and phenotypic similarity
(Sham and Purcell, 2001; Feingold, 2002; Chen, 2014). Despite their different forms, both approaches
fundamentally rely on the statistical association between genetic sharing and phenotypic resemblance.
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The most commonly used statistic in linkage analysis is the LOD score (log-likelihood ratio), defined as:

- L(8)

LOD=log{ L(O.S)}

Where, L(6) is the likelihood under a given recombination rate 8, and L(0.5) corresponds to the null hypothesis of
no linkage. Traditionally, LOD > 3 has been considered an empirical threshold for significant linkage,
corresponding to approximately a 1 000:1 odds ratio (Fang et al., 2001; Zhang et al., 2015). However, in the
context of high-density markers and genome-wide scans, fixed thresholds may not adequately account for marker
correlation and population structure. Therefore, a more robust approach is to derive empirical thresholds via
permutation testing to control the family-wise error rate (FWER) at the genome-wide level (Meng et al., 2015;
Wang et al., 2024). It is also important to avoid directly equating LOD scores with —logio(p), as they are only
comparable under specific approximations; although LOD curves and Manhattan plots in GWAS appear similar in
form, their statistical foundations and interpretations differ (Figure 1).
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Figure 1 Comparison of statistical representations and significance thresholds in linkage analysis and association studies

Note: Figure 1 shows a schematic diagram of the genome-wide scan statistics and the method for determining the empirical
significance threshold; Linkage analysis and genome-wide association studies (GWAS) rely on different test statistics when scanning
the genome; In linkage analysis, evidence for linkage is summarized by LOD curves derived from likelihood ratios along genetic
distance; In GWAS, association signals are typically visualized using Manhattan plots based on —logio(p values) from single-marker
tests; Although these statistics are not directly comparable, genome-wide significance thresholds for both frameworks are commonly
determined empirically using permutation tests; Permutation procedures generate the null distribution of the maximum test statistic
across the genome, from which appropriate thresholds are derived to control the family-wise error rate; Significant linkage or
association signals are then identified by comparing observed scan statistics to these empirically determined thresholds. It should be
noted that p-values are not test statistics themselves but are derived from the null distribution of test statistics; therefore, —logio(p)

values in Manhattan plots are not directly equivalent to LOD scores

1.3 Statistical assumptions, error propagation, and major limitations

Linkage analysis relies on several key statistical assumptions, including Mendelian segregation of alleles,
relatively stable recombination rates across meioses, and the absence of strong structural effects that distort the
null distribution of test statistics (Meng et al., 2015; Zhang et al., 2015). When these assumptions are violated,
biases may propagate through different pathways and ultimately affect mapping results.

For example, segregation distortion (also referred to as transmission distortion) may arise from selection at the
gametic or zygotic stage, thereby altering allele frequencies and affecting the estimation of 6. Genotyping errors
may introduce spurious recombination events, leading to inflation or compression of genetic maps. Population
structure effects may directly distort the likelihood function or the null distribution, resulting in inflated false
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positives or underestimated effects (Taniguti et al., 2022; Wang et al., 2024). These sources of bias ultimately
converge at the level of LOD curves, manifesting as peak shifts, inflation or deflation of significance, and

increased false-positive or false-negative signals (Figure 2).
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Figure 2 Logical pathways by which linkage-map construction biases propagate into QTL linkage statistics

Note: Figure 2 illustrates how major sources of bias arising during linkage-map construction may propagate into downstream QTL
linkage statistics. At the upstream stage, deviations from Mendelian segregation, errors in recombination-rate estimation, and
genotyping errors may distort linkage map construction by inflating genetic distances, introducing spurious recombination events, or
affecting marker order. These distortions may subsequently propagate into QTL mapping, where they are manifested as peak shifts,
inflation or deflation of LOD scores, and increased false-positive or false-negative signals. The figure highlights that some factors act
indirectly through linkage-map construction, whereas others may also influence downstream statistical inference more directly

At the methodological level, approaches such as interval mapping (IM), composite interval mapping (CIM), and
improved composite interval mapping (ICIM) enhance the power and stability of traditional linkage analysis by
jointly estimating QTL positions and effects within the genetic map framework (Meng et al., 2015; Zheng et al.,
2019). Nevertheless, the limitations of linkage analysis remain evident. First, mapping resolution is constrained by
the number of recombination events within the population, typically remaining at the centimorgan (cM) scale.
Second, statistical power depends heavily on population size, phenotypic replication, and population structure.
Third, linkage results are population-specific, reflecting only alleles segregating between parental lines, and thus
are difficult to generalize to broader genetic backgrounds (Xu et al., 2017; Qu et al., 2020). These limitations are
particularly pronounced for complex traits governed by many small-effect loci and gene-environment interactions
(Lietal.,, 2015; Wang et al., 2024).

It is precisely due to these limitations—restricted resolution, strong population dependence, and limited capacity
to resolve complex genetic architectures—that research paradigms have gradually shifted toward genome-wide
association studies (GWAS) based on natural populations and historical recombination, with the aim of dissecting
complex traits at higher resolution and across broader genetic backgrounds.

2 Haseman—Elston Regression and Variance Component Methods

This section discusses Haseman—Elston (HE) regression and variance component methods, not as mainstream
approaches for QTL mapping in crops, but from the perspective of statistical genetics development, to illustrate
how regression frameworks based on genetic relatedness gradually evolved into mixed linear models and
genome-wide analytical approaches.

36



Molecular Plant Breeding 2026, Vol.17, No.1, 32-49
consrmedruthr http://genbreedpublisher.com/index.php/mpb

2.1 Derivation of the Haseman—Elston test

The Haseman—Elston (HE) test, originally proposed by Haseman and Elston in 1972, is a pioneering method for
detecting linkage between quantitative traits and genetic markers (Sham and Purcell, 2001; Feingold, 2002). Its
fundamental idea is that if an additive QTL is located near a given marker, sibling pairs sharing a higher
proportion of identity-by-descent (IBD) alleles at that marker are expected to exhibit more similar phenotypes.
Therefore, linkage can be tested by regressing the squared phenotypic difference of sibling (or quasi-sibling) pairs
on their IBD sharing proportion at a given marker. The original HE regression model can be expressed as:

S=(y,—y.)\’=a-PBm+e

Where, y1 and y» denote the trait values of a sibling pair, and r represents the proportion of IBD sharing at the
locus. In the presence of a QTL, the expected slope satisfies 8> 0, indicating that higher genetic sharing
corresponds to smaller phenotypic differences (Feingold, 2002; Chen, 2014).

A key advantage of the HE method is that it does not rely on the normality of the trait distribution, but only on the
monotonic relationship that phenotypic differences decrease with increasing IBD sharing. This property made it
an early low-cost and computationally simple genome-wide scanning method (Sham and Purcell, 2001).
Subsequent extensions introduced alternative response variables, such as the cross-product or the sib-pair
phenotype sum, which can reduce variance and improve statistical power (Wang and Elston, 2005).

The HE framework can also be extended to more complex pedigree structures, including half-sibs, cousins, and
general pedigrees. By estimating genome-wide IBD or identity-by-state (IBS) sharing from pedigree or molecular
marker data, sliding-window regression can be applied to generate linkage evidence curves along chromosomes
(Chen, 2014; Sofer, 2017). This approach has been widely used in early mapping of human genetic diseases and
low-cost preliminary screening of quantitative traits in crops. In modern genomics, it has been unified with
variance component methods, leading to a family of extensions based on mixed linear models and genomic
relationship matrices (GRM) (Liu and Chen, 2022).

2.2 Variance component models and heritability estimation

Variance component models represent an important extension of HE regression, providing a more general and
powerful framework for dissecting the genetic basis of quantitative traits. These models are typically formulated
within a mixed linear model (MLM) framework:

y=XB+Zu+e&

Where, yis the phenotype vector, X[ represents fixed effects (e.g., environmental covariates), u~N (0, a§ K)
denotes the random genetic effect, with K being the kinship matrix or genomic relationship matrix (GRM), and
£~N (0,021) is the residual term. Using restricted maximum likelihood (REML), one can estimate the genetic

variance ag and residual variance o2, and subsequently compute heritability:

Compared with HE regression, variance component models have the advantage of directly modeling the
covariance structure among individuals, thereby linking phenotypic similarity with genetic relatedness (Sofer,
2017; Xu et al., 2021). In fact, previous studies have shown that HE regression can be regarded mathematically as
a simplified form of variance component models, indicating an inherent theoretical equivalence between the two
approaches (Chen, 2014).

This unified perspective enables variance component models to be applied not only in traditional pedigree-based
analyses but also as the theoretical foundation for mixed linear models in large-scale genome-wide association
studies (GWAS) (Zhou, 2017; Jeong et al., 2024).
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In crop studies, these models are primarily used for heritability estimation and background variance modeling.

Variance component approaches have been widely applied to evaluate the heritability of quantitative traits such as

yield, plant height, and disease resistance, and can be combined with high-density molecular markers and

structured populations to accurately estimate additive genetic variance (Xu et al., 2021; Liu and Chen, 2022).

Compared with pedigree-based kinship, GRMs constructed from molecular markers better capture realized genetic

relationships and selection history, providing a parametric basis for genomic prediction and genomic selection (GS)
(Chen, 2016; Liu and Chen, 2022).

Variance component models are also highly extensible. In multi-environment trials (METs), environmental effects
and genotype-by-environment (GXE) interactions can be modeled as random effects, enabling the estimation of
across-environment heritability and improving phenotype adjustment and QTL stability (Xu et al., 2021).

2.3 Limitations and methodological transition

Although HE regression and variance component methods play important roles in quantitative genetics, they have
several limitations in practice. Their statistical performance strongly depends on sample size, phenotypic
replication, and the accurate estimation of IBD sharing (rr). When marker density is low, errors in estimating
7t increase, leading to reduced detection power, broader confidence intervals, and potential bias (Mei and Wang,
2016). It should also be noted that HE regression was originally designed for sibling pairs or simple pedigree
structures, and its applicability to complex pedigrees or unrelated populations is limited (Wang and Elston, 2005).

For highly polygenic traits, the variance contribution of any single locus is typically small, making the slope in
HE regression or local variance signals difficult to distinguish from background noise (Chen, 2016). The presence
of epistasis, non-additive effects, or heteroscedastic phenotypes further violates model assumptions, potentially
leading to systematic underestimation of heritability and exacerbating the “missing heritability” problem (Mei and
Wang, 2016). These challenges highlight the inherent limitations of HE and variance component methods in
modeling complex genetic architectures.

With the expansion of genomic data and the development of high-density marker platforms, research has
gradually shifted toward a framework characterized by “genome-wide coverage + fixed-effect testing +
random-effect modeling of background variation”. This framework is exemplified by mixed linear models in
GWAS (GWAS-MLM), where candidate SNPs are treated as fixed effects, while the genomic relationship matrix
(GRM) captures polygenic background effects and cryptic relatedness (i.e., unobserved but real genetic
relationships among individuals), thereby correcting for population structure and relatedness (Zhou, 2017; Xu et
al., 2021).

New statistical approaches, such as LD score regression and variance component estimation based on summary
statistics, have further enabled efficient implementation in large-scale populations and across studies (Jeong et al.,
2024). These developments mark a natural transition from variance decomposition frameworks centered on HE
and variance components to GWAS-based prioritization of causal genomic regions, representing a paradigm shift
in methodology.

This theoretical unification has laid the foundation for GWAS frameworks based on mixed linear models. The
next section will further discuss how genome-wide association analysis has developed into a dominant approach
within this statistical framework.

3 The Rise and Decline of Candidate Gene Approaches

3.1 Rationale and advantages of candidate gene selection

The candidate gene strategy emerged as a natural extension of advances in molecular biology and quantitative
genetics. Its core logic is to start from explicit biological priors and prioritize genes and functional loci that are
likely to influence target traits, based on pathway knowledge, mutant phenotypes, cross-species homology,
differential expression, or metabolic evidence (Zhu and Zhao, 2007). This hypothesis-driven approach allows
researchers to focus on genes that are theoretically linked to the phenotype of interest, such as key enzymes in
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metabolic pathways, transcription factors, or structural proteins. In plant genetics, candidate genes have often been
prioritized due to their known roles in critical agronomic processes such as starch biosynthesis, disease resistance,
and stress responses (Stanton-Geddes et al., 2013; Raj and Nadarajah, 2022).

The typical workflow of this approach follows a sequence: “mechanistic hypothesis — candidate gene and marker
selection — association testing in target populations — functional interpretation”. Compared with genome-wide,
hypothesis-free scans, the candidate gene strategy reduces the dimensionality of the search space, thereby
lowering the requirements for sample size and genotyping costs. This makes it particularly suitable for
resource-limited settings or for rapid validation of specific biological mechanisms (Zhu and Zhao, 2007). Before
the widespread adoption of high-throughput genotyping technologies, this approach played a crucial role and was
a practical choice in genetic studies of crops and model organisms.

A major advantage of the candidate gene approach lies in its specificity and interpretability. When a candidate
variant is consistent with biochemical function, cellular pathways, or mutant phenotypes, statistical association
can be directly linked to causal inference, forming a coherent evidence chain (Zhu and Zhao, 2007; Raj and
Nadarajah, 2022). The technical requirements are relatively modest: validation can be achieved using
low-throughput genotyping platforms such as KASP or TagMan, combined with conventional field phenotyping.
This facilitates replication across multiple environments or generations and enables rapid integration into breeding
programs, particularly for marker-assisted selection (MAS) (Ibrahim et al., 2020; Kushanov et al., 2021).

3.2 Methodological biases and the reproducibility crisis

Although the candidate gene approach provided an early low-cost, hypothesis-driven framework for genetic
analysis, its methodological characteristics also introduced risks of systematic bias and reproducibility challenges.
While reliance on prior knowledge reduces the search space, it also leads to repeated testing of a limited set of
genes, resulting in the overrepresentation of a few “hotspot genes” and neglect of broader genomic variation (Zhu
and Zhao, 2007; Baxter, 2020). This focus increases detection efficiency but also amplifies publication bias and
the “winner’s curse”, where significant results are more likely to be reported, while negative findings are
underrepresented, leading to the accumulation of false or inflated associations in the literature (Baxter, 2020).

Candidate gene studies also suffer from limited statistical power. Due to small sample sizes and the lack of
modeling for correlations among loci, significance levels often fail to reflect genome-wide error rates (Zhu and
Zhao, 2007; Stanton-Geddes et al., 2013). When multiple loci or traits are tested simultaneously without rigorous
correction for multiple comparisons, false-positive rates are systematically underestimated, further compromising
the reliability of conclusions.

Population structure and cryptic relatedness are major sources of spurious associations. In crop studies, candidate
genes are often tested in structured germplasm panels; without proper correction using principal component
analysis (PCA) or mixed linear models (MLM), differences in allele frequencies alone can produce significant
signals in the absence of causal relationships (Stanton-Geddes et al., 2013). In addition, linkage disequilibrium
(LD)-induced mismatches between markers and causal variants, phenotyping errors, and gene—environment
interactions (GXE) further reduce the reproducibility of candidate gene associations across populations and
environments (Table 1) (Zhu and Zhao, 2007).

When researchers attempt to mitigate these biases through stricter population structure correction, genome-wide
background modeling, and multiple testing control, the analytical framework gradually converges toward that of
GWAS (Baxter, 2020). This transition, in practice, diminishes the original advantages of the candidate gene
approach—namely low cost and rapid validation—and explains its decline in the era of high-throughput
genomics.
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Table 1 Major sources of bias in candidate gene studies and their impacts on reproducibility

Bias type Description Impact on reproducibility
Publication bias Positive findings are more likely to be published, while Accumulation of false associations and literature bias
negative results are underreported
Winner’s curse Significant effects often diminish in replication studies Results are difficult to replicate in independent
populations

Small sample size ~ Low detection power, making it difficult to identify loci Insufficient statistical power, unstable results
with small effects

Population Differences in allele frequency lead to spurious Increased false positive rate, distorted signals across
stratification associations populations
LD mismatch Mismatch between marker and causal locus Incorrect interpretation of associations, difficulty in

pinpointing causal genes
Phenotyping error ~ Noise masks the true effect and reduces signal strength Inconsistencies across experimental results
Gene-environment ~ Effect size is unstable across environmental changes Reduced reproducibility across environments
interaction (GXE)

3.3 Practical contributions and limitations in plant breeding

Despite its gradual decline, the candidate gene approach has made landmark contributions to the identification and
utilization of major-effect genes in plant breeding. A classic example is the Wx gene in rice, which controls
amylose content and is closely associated with the biochemical pathway of starch synthesis. Allelic variation at
this locus was rapidly identified and successfully applied in marker-assisted selection (MAS) to improve grain
quality (Pflieger et al., 2001; Raj and Nadarajah, 2022). Another well-known case is the loss-of-function allele of
BADH2, associated with fragrance traits in rice, which has been validated and widely utilized across multiple rice
populations, becoming a hallmark example of candidate gene—based breeding. In crops such as cotton and wheat,
candidate gene approaches have also been used to identify and deploy major genes conferring disease resistance
and stress tolerance, contributing to crop improvement (Kushanov et al., 2021; Raj and Nadarajah, 2022).

However, agronomic traits such as yield and stress tolerance are typically governed by polygenic architectures
with small-effect loci and gene—environment interactions (GxE), resulting in complex and dynamic genetic
systems. The prior knowledge required for candidate gene selection is often insufficient to capture the full
spectrum of allelic variation within regulatory networks, leading to low hit rates and limited explanatory power
for complex traits (Pflieger et al., 2001; Zhu and Zhao, 2007). Moreover, differences in linkage disequilibrium
(LD) patterns across ecotypes and breeding backgrounds further hinder the transferability and validation of
candidate gene associations across populations (Stanton-Geddes et al., 2013).

Within modern genomic frameworks, the role of the candidate gene approach has shifted from a “discovery
engine” to a “validation module”. Specifically, it is now more suitable for prioritizing functional genes within
genomic regions identified by GWAS or linkage mapping, followed by causal validation through eQTL analysis,
fine mapping, and functional experiments. It also remains valuable for hypothesis-driven validation and targeted
improvement, including rapid applications of gene editing technologies (Ibrahim et al., 2020). This transition has
led to a complementary and synergistic relationship between candidate gene strategies, GWAS, and genomic
selection (GS): GWAS enables large-scale, hypothesis-light discovery, while candidate gene approaches provide
targeted functional validation, together advancing modern crop genetic improvement.

4 From Traditional Approaches to GWAS: A Paradigm Transition

Traditional linkage analysis and candidate gene approaches have achieved important progress within controlled
populations and limited hypothesis-driven frameworks. However, their methodological boundaries have gradually
become evident. Limitations in mapping resolution, statistical power, and cross-population generalizability are not
isolated issues, but rather point to a common underlying challenge: under polygenic architectures characterized by
numerous small-effect loci and complex population structures, local or hypothesis-driven analytical frameworks
are insufficient to capture the global landscape of genetic variation. This realization has directly driven a paradigm
shift toward systematic, genome-wide scanning approaches.
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4.1 Innovations and limitations of GWAS (Table 2)

Genome-wide association studies (GWAS) represent a major paradigm shift in quantitative genetics. They move
beyond the strong reliance on prior hypotheses inherent in linkage analysis and candidate gene strategies, instead
adopting a genome-wide scanning framework with weak locus-specific assumptions. In large populations, GWAS
systematically evaluates statistical associations between phenotypes and thousands to millions of single nucleotide

polymorphisms (SNPs) (Tibbs Cortes et al., 2021; Ashwath et al., 2023; Bashir et al., 2024).

Table 2 Comparison among linkage mapping, candidate gene approaches, and genome-wide association studies (GWAS)

Dimension

Linkage mapping

Candidate gene approach

GWAS

Research paradigm
Study objective
Marker density
Mapping resolution
Search space
Population type
Population structure
Primary statistic
Multiple testing burden
Significance threshold

Main challenges

Common corrections

Typical outcomes

Reproducibility

Typical applications

Genome-wide scan within linkage
map, no locus-specific prior
Mapping QTL regions

Low to moderate marker density
Centimorgan-level resolution
Linkage map scale

Biparental populations (F2, RIL, DH,
etc.)

Simple or controlled

LOD scores (linkage evidence)
Relatively low
Permutation-based or empirical
thresholds

Low resolution, broad intervals

Limited correction strategies
Broad QTL intervals

Dependent on population design

Controlled systems with clear genetic
backgrounds

Strong prior hypothesis based on
known genes/pathways
Testing specific candidate genes

Low (targeted regions)
Gene/locus-level resolution
Preselected genes/regions
Natural or selected populations

May involve population structure

t-test, regression, or 2 statistics
Relatively low
Standard statistical thresholds

Dependence on prior hypotheses,
risk of missing true genes
Limited correction strategies
Evidence for candidate genes

Dependent on hypotheses and
validation

Functional validation and
hypothesis testing

Genome-wide scan, weak
locus-specific prior
Genome-wide identification of
trait-associated variants
High-density SNP markers
Kilobase-level resolution
Whole genome

Diverse natural or breeding
panels

Often complex, with
stratification and relatedness
p-values or —logio(p)
Substantial

Bonferroni, FDR, or empirical
thresholds

Population structure, LD,
multiple testing

PCA, MLM/GRM, QC, etc.
High-resolution association
signals

Dependent on sample size and
models

Genome-wide analysis of
complex traits

Note: Although linkage mapping and candidate gene approaches are both considered traditional strategies, they differ substantially in
statistical framework and reliance on prior hypotheses

This transition has been enabled by advances in high-throughput genotyping technologies, including SNP arrays
and next-generation sequencing, which allow high-density genotyping and genotype imputation. Within a linkage
disequilibrium (LD) framework, these developments have increased mapping resolution to the kilobase (kb) level
and, in some cases, to individual genes (Alqudah et al., 2020; Ashwath et al., 2023). Standardized quality control
procedures (e.g., marker missingness thresholds and allele frequency filters), together with anchoring to reference
genomes, have further improved comparability and reproducibility across platforms and populations (Bashir et al.,
2024; Chang-Brahim et al., 2024).

From a statistical perspective, key advances in GWAS include the explicit modeling of population structure and
relatedness, as well as the introduction of multiple error control strategies under large-scale multiple testing
scenarios (Chang-Brahim et al., 2024; Nandi et al., 2024). For example, principal component analysis (PCA) is
used to correct for population stratification, while mixed linear models (MLM) combined with genomic
relationship matrices (GRM) account for relatedness and background genetic covariance, forming the current
standard analytical framework (Tibbs Cortes et al., 2021; Susmitha et al., 2023). It should be noted that traditional
linkage analysis achieves effective genome-wide error control through permutation testing, whereas in GWAS, the
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choice of significance thresholds remains subject to methodological trade-offs, such as the conservativeness of
Bonferroni correction and the instability of empirical thresholds.

Despite its advantages in resolution and genome-wide coverage, GWAS also has notable limitations. First, GWAS
relies heavily on LD structure, meaning that significant signals often reflect LD blocks rather than causal variants,
increasing uncertainty in interpretation. Second, GWAS has limited power to detect rare variants and structural
variants, potentially underestimating their contributions. Third, residual confounding from population structure
and cryptic relatedness may persist even after PCA and mixed-model correction. In addition, multiple testing
correction involves a trade-off between controlling false positives and maintaining statistical power, and no
universally optimal solution exists. Therefore, GWAS findings typically require validation through linkage
analysis, fine mapping, and functional studies, highlighting the complementary nature of different approaches.

4.2 Implications for plant breeding

The emergence of GWAS has opened a new era for dissecting the genetic basis of complex traits in plants, with
significant implications for modern breeding. Unlike traditional linkage mapping and candidate gene approaches,
GWAS leverages natural populations and historical recombination events to achieve high-resolution mapping of
quantitative trait nucleotides (QTNs), supported by large sample sizes and high-density genotyping. This enables
the identification of robust and reproducible association signals for key agronomic traits such as yield, stress
tolerance, and quality (Alqudah et al., 2020; Tibbs Cortes et al., 2021; Ashwath et al., 2023).

By integrating GWAS with multi-omics data, including expression quantitative trait loci (eQTL), transcriptomics,
and metabolomics, researchers can accelerate the prioritization and validation of candidate genes and functional
variants. These advances also provide reliable molecular markers for marker-assisted selection (MAS) and
genomic selection (GS) (Bashir et al., 2024; Chang-Brahim et al., 2024). In crops such as rice, maize, and wheat,
GWAS has been widely applied to dissect yield and drought-related traits, with validated loci directly translated
into breeding markers (He et al., 2017; Nandi et al., 2024).

The integration of GWAS with variance component frameworks further enables seamless linkage with genomic
selection (GS). Genome-wide markers can be used to construct genomic relationship matrices (GRM), which are
then incorporated into G-BLUP or Bayesian prediction models to estimate genomic estimated breeding values
(GEBVs), supporting cross-environment prediction and selection (He et al., 2017; Tibbs Cortes et al., 2021).
GWAS results can also be used as weighted priors or feature subsets to improve prediction accuracy and guide
optimal crossing strategies, thereby accelerating genetic gain (Susmitha et al., 2023).

Therefore, traditional linkage analysis, candidate gene approaches, and GWAS should not be viewed as mutually
exclusive, but rather as complementary methods operating at different scales and under different modeling
assumptions. Together, they form a multi-layered analytical framework for the genetic dissection of complex
traits.

5 Discussion

The interpretation of GWAS findings has been strongly influenced by earlier frameworks from linkage analysis
and candidate gene studies. The traditional “peak—interval-candidate” reasoning paradigm persists, where
researchers often treat the sentinel SNP (i.e., the most statistically significant marker within an associated region)
or nearby genes as causal variants. This practice overlooks allelic heterogeneity within linkage disequilibrium (LD)
blocks, distal regulatory effects, and polygenic contributions (Gallagher and Chen-Plotkin, 2018; Tam et al., 2019;
Uffelmann et al., 2021). Such a “linkage-driven mindset” leads to an overemphasis on single genes, while
underestimating the roles of regulatory variation, structural variants, and chromatin architecture. Lessons from the
candidate gene era further caution that functional annotation and statistical significance are not equivalent to
causality; excessive reliance on prior knowledge may introduce publication bias and limit reproducibility across
populations (Gallagher and Chen-Plotkin, 2018; Cano-Gamez and Trynka, 2020). Therefore, GWAS interpretation
should be upgraded to an “evidence triangulation” framework: starting from credible sets, integrating
eQTL/metabolite QTL colocalization, haplotype structure, cross-population replication, and functional validation.
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In both human and crop studies, complex traits face shared challenges: high polygenicity, difficulty in detecting
small-effect loci, susceptibility to spurious associations due to population structure and LD heterogeneity, and
reduced transferability caused by environmental variation and phenotypic noise (Tam et al., 2019; Tibbs Cortes et
al., 2021). Cross-population or cross-ecotype generalization is particularly challenging: polygenic risk scores
(PRS) often show reduced predictive performance across ancestral groups, and GWAS signals in crops frequently
fail to replicate across ecological or breeding backgrounds (Marigorta et al., 2018; Uffelmann et al., 2021;
Abdellaoui et al., 2023). Rare variants and structural variants remain underrepresented in both domains,
contributing to what is often referred to as the “genetic dark matter”.

Addressing these challenges requires a coordinated evolution of sample size, population design, and statistical
methodology. While large sample sizes improve statistical power, their marginal benefit diminishes without
well-designed populations (e.g., NAM, MAGIC, multi-environment trials) and advanced analytical frameworks
such as mixed linear models, Bayesian fine-mapping, and cross-cohort meta-analysis (Marigorta et al., 2018;
Tibbs Cortes et al., 2021). Best practices therefore include incorporating power and bias simulations at the study
design stage, standardizing quality control procedures and data dictionaries (i.e., unified definitions, coding
schemes, and metadata standards), adopting reproducible analytical pipelines, and sharing summary statistics to
ensure continuity across the “discovery—replication—validation” process (Uffelmann et al., 2021; Abdellaoui et al.,
2023).

Traditional approaches are not obsolete but remain valuable in specific contexts. When targeting loci with large
effects or rare alleles, strategies such as extreme phenotype sampling, selective genotyping, near-isogenic lines,
and bulked segregant analysis (BSA) can enable rapid and high-confidence localization (Marigorta et al., 2018;
Tibbs Cortes et al., 2021). Advances in high-coverage sequencing and long-read technologies also facilitate the
resolution of complex structural variants in pedigrees or closely related materials, providing directional evidence
for refining GWAS candidate regions.

Future directions point toward the integration of GWAS with post-GWAS methodologies. Bayesian fine-mapping,
combined with functional priors, enables the identification of causal variants; polygenic risk scores (PRS) and
genomic selection (GS) are converging conceptually, both relying on GRM-based modeling and cross-population
calibration; and machine learning is advancing multi-omics integration, feature compression, and nonlinear
modeling, enabling a closed-loop framework of “discovery-prediction-intervention.” The joint evolution of these
approaches in human and crop research holds promise for achieving precision intervention and controllable
genetic improvement.

6 Conclusions

The evolution of statistical genetics—from linkage analysis, Haseman—Elston regression and variance component
methods, to candidate gene studies and ultimately GWAS—reflects a transition from “locally hypothesis-driven”
approaches to “genome-wide, hypothesis-light exploration”. This progression represents not only methodological
advancement but also a deepening integration of theory and practice. Traditional approaches are not obsolete
stages of history, but foundational components of modern frameworks: the use of recombination and segregation
in pedigrees, as well as the modeling of relatedness and identity-by-descent (IBD), directly informed the
development of genomic relationship matrices (GRM) and mixed linear models (MLM); similarly, multiple
testing correction and population structure adjustment have been systematically incorporated into GWAS.

A clear understanding of the statistical assumptions and limitations of these methods is essential for the proper
interpretation of GWAS results. Assumptions underlying segregation and recombination in pedigree-based
analysis, the prior-driven selection logic in candidate gene studies, and the treatment of linkage disequilibrium
(LD) and allele frequency differences all reappear in modified forms within GWAS. Ignoring population structure
or the effective number of independent tests can lead to inflated significance, while equating sentinel SNPs
directly with causal variants risks overinterpretation. Therefore, an ideal analytical pathway requires the
integration of statistical evidence, functional validation, and experimental confirmation, along with explicit
quantification and reporting of uncertainty.
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In plant breeding, these insights translate into practical design principles: incorporating power simulations and
sample size planning at the study design stage; prioritizing populations that increase recombination and allelic
diversity (e.g., NAM, MAGIC, and multi-environment trials); and controlling structural effects through
standardized quality control and mixed-model frameworks. Within the “discovery-replication—validation” cycle,
establishing cross-population transferability and predictive performance is essential for translating statistical
signals into reliable tools for selection.
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Appendix 1 Standardized terminology and symbols in statistical genetics

Terminology in English ~ Symbol/Abbreviation Brief definition Common misuse notes
LOD score LOD log10{L(0)/L(0.5)}, quantifies evidence for linkage LOD # —logio(p) (only
vs. no linkage approximately related)
Identity by descent IBD Probability that alleles are inherited from a IBD # “inbreeding”
common ancestor
Identity by state IBS Alleles identical in sequence but not necessarily ~ IBS # IBD
from a common ancestor
Principal components PCA Dimensionality reduction of genotype matrix to PCA alone is insufficient to
analysis capture population structure account for close relatedness
Genomic relationship GRM Kinship matrix (K) constructed from genome-wide Requires standardized
matrix markers genotype coding
Mixed linear model MLM Framework including fixed and random effects Variance components and Acc
(often with GRM) should be reported
False discovery rate FDR Expected proportion of false positives (e.g., BH FDR # FWER
procedure)
Bonferroni correction - Controls FWER by a/m Overly conservative under
strong LD
Effective tests Meff Number of independent tests accounting for LD Should be estimated via

spectral decomposition
? Ué/(aé +072) May be biased by

environmental stratification

ol

Narrow-sense heritability

Linkage disequilibrium LD Non-random association between alleles Report 72 and genomic
distance
Quantitative trait QTL/QTN Locus/variant affecting quantitative traits QTL # causal variant
locus/quantitative trait
nucleotide
Permutation test - Permutes phenotype or genotype to derive Must preserve study design
significance thresholds and control FWER (e.g., stratification)
Genomic control ¥ele Median(y?) / 0.456 to assess inflation Diagnostic only, not sufficient
correction
Recombinant inbred lines RILs Lines derived from repeated selfing and
recombination fixation i
Backcross population BC Population generated by backcrossing to a parent -
Doubled haploids DH Completely homozygous lines produced by
chromosome doubling i
Nested association NAM Multi-family design with diverse parents crossed to
mapping a common parent )
Multiparent advanced MAGIC Multi-parent intercross populations with high
generation inter-cross recombination density )
Genomic selection GS Prediction of breeding values using genome-wide
Complementary to GWAS
markers
Best linear unbiased BLUP L. o
o Prediction of individual effects under MLM -
prediction
Bulked segregant analysis BSA Pooling extreme phenotypes to compare allele

. Coarse-mapping tool
frequencies

Appendix 2 Simplified relationships and key computational considerations of common

statistical measures (for conceptual understanding)

To facilitate readers’ understanding of core concepts in statistical genetics and the quantitative relationships

among different methods discussed in the main text, this appendix summarizes simplified formulas and intuitive

derivations of several commonly used statistical measures. These expressions are intended to illustrate the internal

connections among linkage analysis, variance component models, and GWAS statistics, rather than to provide
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complete or rigorous mathematical proofs. The derivations are based on standard assumptions, and their scope and
limitations have been discussed in the main text. Readers are encouraged to consult original references and
consider specific data characteristics in practical applications.

S2-1: The relationship between LOD scores, genetic distance, and chi-square statistics
(conceptual level)

Definition:

The LOD score is defined as:

LOD=log, {L(9)/L(0.5)}

Where, L(8) and L(0.5) denote the likelihood under a given recombination rate and the null hypothesis of no
linkage, respectively.

Approximate relationship:
Under standard regularity conditions, the LOD score can be approximately related to the chi-square statistic:

Xdl'z = 2]“( l 0) * LOD ’
The degrees of freedom (df) depend on the specific model settings.

Conversion of genetic distance:
Common functions for converting recombination rate to genetic distance include:

Haldane mapping function: (I:—%ln( 1-26) (in cM);

Kosambi mapping function: d:i—ln {(1+20)/(1-26)}

Note:

Significance thresholds for LOD scores should generally be determined using empirical methods such as
permutation testing to control the family-wise error rate (FWER) at the genome-wide level.

S2-2: Core concepts and statistical interpretation of Haseman—Elston (HE) regression
Classical form:
HE regression models the squared phenotypic difference of sibling pairs:

S=(y1y2)’

as a function of their IBD sharing proportion 7:

S=a—Br+es

Where, 8 is proportional to the additive genetic variance at the locus or genomic region of interest.

Modified form:
An alternative formulation uses the cross-product:

C:(}’l_J_')(sz_J_’)

Regression on m:

C=y+06m+n

Under linkage, 6 > 0 is typically expected.

Note:

Estimation errors in IBD sharing and sparse marker density may reduce statistical power. In practice,
sliding-window or local smoothing strategies can be applied to mitigate these effects.
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S2-3: Interpretation of genetic variance and heritability in mixed linear models
Model formulation:

The mixed linear model is typically expressed as:

y=XB+Zu+e,

Where,

u~N (0, 0/K),e~N (0, o.1) .

Heritability estimation:

Narrow-sense heritability is defined as:
o2
h=—9c
(ot

and is commonly estimated using restricted maximum likelihood (REML).

GRM construction (conceptual):
The genomic relationship matrix K is typically constructed from SNP genotypes that are centered and scaled
according to allele frequencies.

Note:
Heritability estimates should be reported with standard errors, and it should be specified whether environmental
stratification or batch effects are included in the model.

S2-4: Handling significance thresholds under multiple testing
Bonferroni correction:

a*=a/m.

Benjamini-Hochberg (BH) FDR control:
For ordered p-values Py, identify the largest & such that:

P()< ka/m
and declare the first k& tests significant.

Effective number of tests:
Under linkage disequilibrium (LD), the effective number of independent tests (mi.fr) can be estimated using
spectral decomposition.

Note:
Under strong LD, replacing the nominal number of tests mmwith mefr is often more appropriate.

S2-5: Diagnostic interpretation of genomic control and QQ plots
Genomic control factor:

Age = median (x?) / 0.456 (1 df).

Diagnostic considerations:
QQ plots should ideally include 95% confidence bands. After appropriate correction, Agc is expected to be close
to 1.

S2-6: Intuitive understanding of statistical power and non-central parameters (quantitative
traits)
Single-SNP case:
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NCP=n*2p(1-p)B/a* -

Under LD between marker and causal variant:
NCPtag = rZXNC Pcauml

Note:
Statistical power is highly sensitive to sample size and LD strength (+2). Interpretation of association results
should explicitly consider LD between markers and underlying causal variants.

S2-7: Workflow for obtaining empirical significance thresholds based on permutation tests
(overview)

Typical steps include:

(1) Fix genotypes and randomly permute phenotypes (or permute within strata);

(2) Record the maximum test statistic across the genome for each permutation;

(3) Use the 1-a quantile of the empirical distribution as the significance threshold;

(4) Typically, at least 1 000 permutations are required for stable estimation.

S2-8: Implementation considerations for PCA-based correction

After centering and allele-frequency scaling of the genotype matrix, singular value decomposition (SVD) or
eigenvalue decomposition can be applied to G or GG'. The top k principal components are then included as
covariates in the model.

Because closely related individuals can distort principal component structure, it is advisable to remove highly
related samples prior to PCA.

S2-9: Integrative framework of linkage and association analysis (conceptual illustration of
NAM/MAGIC)

NAM and MAGIC populations increase recombination events and allelic diversity, combining advantages of both
linkage and association mapping. Statistically, they often employ joint linkage mapping and association testing,
while absorbing family background effects through random effects or hierarchical structures. This enables more
robust effect estimation across multiple genetic backgrounds and results in narrower confidence intervals.
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