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Abstract Heritability, as a core concept, plays a critical role in explaining trait variation and predicting selection response. 

Traditional heritability estimation relies on pedigree information but is limited by pedigree completeness and environmental 

confounding. With the development of high-throughput genotyping and genome-wide association studies, the restricted maximum 

likelihood method based on genomic relationship matrices (GCTA/GREML) has provided a new pathway for estimating the 

heritability of complex traits. This study reviews the theoretical framework and statistical assumptions of the GCTA and GREML 

families, elucidates their logic in variance decomposition and differences from pedigree-based models, and focuses on analyzing the 

sources and interpretive boundaries of the “missing heritability” problem. Further, the study explores methodological extensions such 

as the LOCO strategy, functional annotation partitioning, and bivariate analysis, and discusses their application value in complex trait 

dissection and crop breeding, supported by both simulation and empirical studies. The results indicate that GCTA/GREML not only 

promotes a paradigm shift in heritability research but also provides theoretical support for genomic selection and molecular breeding 

design. In the future, with the accumulation of sequencing data and multi-environment big data, this method is expected to more 

comprehensively uncover the genetic basis of complex traits. 

Accordingly, this review focuses on clarifying the statistical interpretation of SNP-based heritability estimation rather than providing 

a general tutorial. Specifically, we (i) outline the statistical conditions required for meaningful comparisons between SNP-based and 

pedigree-based heritability estimates; (ii) formally define the estimand targeted by GREML and clarify its relationship to the concept 

of missing heritability; (iii) organize commonly used GREML extensions into a unified framework based on their inferential goals, 

assumptions, and diagnostic boundaries; and (iv) propose a workflow-oriented checklist to guide the interpretation of SNP 

heritability estimates in practice. 

Keywords SNP heritability; Genome-wide relationship matrix (GRM); GCTA-GREML; Missing heritability; Statistical 

interpretation; Diagnostic workflow 

1 Introduction 

Heritability, as a central concept in quantitative genetics, has played a fundamental role in explaining the sources 

of trait variation and guiding genetic improvement practices since Fisher established the framework of analysis of 

variance. It is defined as the proportion of phenotypic variance that can be attributed to genetic differences, and 

serves as a cornerstone concept in both quantitative genetics and breeding science (Yang et al., 2017; Srivastava et 

al., 2023). In breeding, heritability not only provides a quantitative scale for evaluating the potential for trait 

selection, but also constitutes a key parameter for predicting selection response and optimizing population 

improvement strategies (Zhu and Zhou, 2020). High heritability indicates that genetic variation accounts for a 

large proportion of phenotypic variance, thereby leading to higher efficiency of artificial selection; conversely, 

low heritability suggests a dominant role of environmental variation and consequently limited selection 

effectiveness. Therefore, whether in the design of crop and livestock breeding strategies or in the genetic 

epidemiology of complex human diseases, accurate estimation of heritability remains an unavoidable core issue at 

both theoretical and practical levels (Yang et al., 2017). 
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Traditional heritability estimation primarily relies on pedigree-based variance component models, which infer 

additive genetic variance by comparing phenotypic similarity between related and unrelated individuals (Yang et 

al., 2017; Srivastava et al., 2023). However, these methods depend heavily on the completeness of pedigree 

information and are often constrained by simplified assumptions regarding shared environmental effects. In 

populations lacking detailed pedigree records or affected by environmental confounding, both their applicability 

and accuracy are limited (Zhu and Zhou, 2020). 

With the widespread adoption of high-throughput genotyping technologies and the emergence of genome-wide 

association studies (GWAS), the field has undergone a methodological revolution. Yang et al. (2010; 2011) 

proposed the genome-wide complex trait analysis (GCTA) framework based on single nucleotide polymorphisms 

(SNPs), and further developed the genomic-relatedness-based restricted maximum likelihood (GREML) method 

based on the genome-wide relationship matrix (GRM). By constructing a GRM and leveraging SNP-derived 

genetic similarity among individuals after removing close relatives, this approach decomposes phenotypic 

variance and overcomes the limitations of traditional pedigree-based methods (Yang et al., 2011; Zhu and Zhou, 

2020). Compared with pedigree models, GCTA-GREML enables direct estimation of heritability from SNP data 

without requiring pedigree information, and supports partitioning of genetic variance by genomic regions or 

functional annotations, thereby substantially expanding the scope of heritability estimation (Zhu and Zhou, 2020; 

Srivastava et al., 2023). 

However, the introduction of the GCTA and GREML framework has also triggered extensive debate regarding the 

issue of “missing heritability.” Classical twin and pedigree studies often yield relatively high heritability estimates, 

whereas SNP-based GREML estimates are typically substantially lower. This discrepancy has been interpreted as 

evidence that GWAS cannot fully explain the genetic variation underlying complex traits (Yang et al., 2011; 2015). 

Potential explanations include incomplete tagging of causal variants by SNPs, insufficient contribution from rare 

variants, complex genetic mechanisms such as non-additive effects and gene-environment interactions, as well as 

limitations of statistical modeling (Speed et al., 2016; Evans et al., 2017; Mathew et al., 2017). Furthermore, 

existing studies have shown that GCTA-GREML estimates are highly sensitive to factors such as GRM 

construction methods, sample composition, linkage disequilibrium (LD) patterns, and phenotypic measurement 

error, further highlighting the complexity of its application and the need for careful interpretation (Speed et al., 

2012; Kumar et al., 2015; Evans et al., 2017). 

Thus, the problem of missing heritability is not only a statistical challenge but also a genetic and biological one, 

and the associated debates have driven continuous innovation in both methodology and theory. In recent years, 

improvements such as LD-adjusted relationship matrices and multi-component modeling have been proposed, 

providing potential solutions to the limitations of the original GCTA-GREML framework (Mathew et al., 2017; 

Zhu and Zhou, 2020). 

In crop breeding practice in China, DNA marker-assisted breeding was systematically summarized and promoted 

from the late 20th to early 21st century. Its core idea is to track quantitative trait loci (QTLs) or candidate genes 

using a limited number of molecular markers, thereby improving selection efficiency (Fang et al., 2001). This 

study systematically reviews the theoretical framework and statistical assumptions of GCTA and GREML relative 

to pedigree-based methods, clarifying their conceptual positioning and applicability boundaries in heritability 

estimation. The analytical framework adopted here is consistent with our previous systematic examination of the 

statistical continuity among linkage analysis, candidate gene strategies, and GWAS, emphasizing the continuity 

and division of roles among different methods in terms of statistical assumptions, signal scale, and inferential 

objectives (Fang and Wu, 2026). We focus on the derivation logic of the GREML method within variance 

component modeling, compare its estimands and interpretive scope with those of traditional pedigree models, and 

discuss the potential impact of model assumptions on result interpretation. 

Based on the above background, this study does not aim to provide a general introductory overview, but rather 

focuses on the core issue of the “statistical interpretability boundaries of SNP-based heritability estimation,” with 

the goal of constructing an operational framework for analysis and interpretation. Specifically, the study addresses 
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the following aspects: (1) systematically outlining the necessary conditions for comparability between SNP-based 

and pedigree-based heritability; (2) clarifying the statistical target of heritability estimated by GREML and the 

conceptual boundaries of “missing heritability”; (3) proposing a unified comparison template for common 

methodological extensions; and (4) providing a standardized workflow and diagnostic checklist for practical 

interpretation. Through theoretical derivation and empirical analysis, this study aims to offer a clearer 

understanding of the GCTA framework and its extensions, thereby providing a theoretical foundation and 

methodological reference for the application of heritability in complex trait research and crop breeding practice. 

2 Basic Concepts and Classification of Heritability 

Heritability is defined as a variance ratio under a specified statistical model, which depends on both the population 

and environmental conditions, and quantifies the proportion of phenotypic variation attributable to genetic 

variation. Therefore, heritability estimates are not directly comparable across different populations, environments, 

or modeling assumptions. 

2.1 Narrow-sense and broad-sense heritability 

Heritability is a core parameter in quantitative and statistical genetics, used to characterize the relative 

contribution of genetic factors to phenotypic variation under a given population, environment, and set of model 

assumptions (Vinkhuyzen et al., 2013; Yang et al., 2017). From a statistical perspective, heritability is 

fundamentally a variance ratio, rather than an intrinsic property of a trait or an individual. 

Within the classical variance decomposition framework, heritability is typically divided into narrow-sense 

heritability (h²) and broad-sense heritability (H²). 

Narrow-sense heritability is defined as the proportion of additive genetic variance (Vₐ) relative to total phenotypic 

variance (Vₚ): 

h
2
=
VA

VP
 

where Vₚ represents the overall magnitude of phenotypic variation in the population. Because additive genetic 

effects are stably transmitted across generations and are cumulative, h² plays a central role in predicting the 

response to selection (e.g., under the Breeder’s equation framework), as well as in breeding value estimation and 

gene mapping studies (Evans et al., 2017; Yang et al., 2017). In practical breeding, narrow-sense heritability is 

generally regarded as the key indicator of expected selection gain, and its practical relevance often exceeds that of 

broad-sense heritability (Berry, 2024). 

In contrast, broad-sense heritability captures the total contribution of all genetic effects to phenotypic variation, 

and is defined as: 

H2=
VA+VD+VI

VP
 

where 𝑉𝐷 denotes dominance variance and 𝑉𝐼 denotes epistatic (gene-gene interaction) variance. Although H² 

theoretically reflects the total explanatory power of genetic factors, dominance and epistatic effects depend on 

allele frequencies and genotype combinations, resulting in limited reproducibility and operability across 

generations. Therefore, H² is generally not suitable for directly predicting selection response (Abney et al., 2001; 

Zhu et al., 2015). 

In most outbred or natural populations, it typically holds that H² ≥ h², and the difference between the two reflects 

the presence and relative magnitude of non-additive genetic variance (Abney et al., 2001; Berry, 2024). Recent 

studies based on genome-wide marker data have shown that, for many complex traits, dominance variance 

contributes only modestly to total genetic variation, whereas rare and low-frequency variants may account for part 

of the “missing heritability” observed in earlier studies (Speed et al., 2012; 2016; Jang et al., 2022; Wainschtein et 

al., 2022; Srivastava et al., 2023). These findings help establish a consistent and interpretable framework for 

variance decomposition and prediction across evolutionary genetics and applied breeding (Bérénos et al., 2014; 

Zimmermann and Distl, 2023). 
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2.2 Pedigree-based vs. SNP-based heritability 

Traditional heritability estimation relies primarily on pedigree information, constructing additive genetic 

covariance matrices among individuals based on kinship coefficients or identity-by-descent (IBD), and 

decomposing phenotypic variance within a linear mixed model framework (Vinkhuyzen et al., 2013; Bérénos et 

al., 2014). Such approaches have long played an important role in animal and plant breeding as well as in studies 

of natural populations. However, their estimation accuracy depends critically on the completeness and correctness 

of pedigree records. When shared environmental effects among related individuals are not adequately modeled, 

pedigree-based heritability estimates may be systematically upward biased. 

With the development of high-throughput genotyping technologies and statistical genetic methods, 

genotype-based heritability estimation has emerged as an important complement to pedigree-based approaches. 

Methods represented by GCTA/GREML construct a genome-wide relationship matrix (GRM) from SNP data and 

estimate the additive genetic variance captured by markers within a restricted maximum likelihood (REML) 

framework (Speed et al., 2012; Evans et al., 2017; Yang et al., 2017). 

It is important to emphasize that SNP-based heritability is not directly equivalent to the “true” heritability of a trait. 

Rather, it reflects the proportion of additive genetic variance that can be captured by a given set of markers under 

specific statistical model assumptions. Such estimates are typically obtained from samples with close relatives 

removed, in order to reduce confounding effects arising from shared environment and pedigree structure 

(Srivastava et al., 2023; Zimmermann and Distl, 2023). Therefore, differences between pedigree-based and 

SNP-based heritability do not necessarily imply “missing” genetic information, but more likely arise from 

differences in estimands, marker coverage, and modeling assumptions. 

2.3 Sources of discrepancy and “missing heritability” 

In numerous studies of complex traits, heritability estimates based on pedigree data are often higher than those 

derived from SNP-based approaches, giving rise to the so-called problem of “missing heritability” (Vinkhuyzen et 

al., 2013; Yang et al., 2017). From a statistical genetics perspective, this discrepancy should not be interpreted 

simply as a true loss of genetic information, but rather as a systematic difference arising from distinct estimands, 

data coverage, and modeling assumptions. 

First, limited marker coverage is a major source of lower SNP-based heritability. Conventional genotyping arrays 

primarily capture common variants, while providing limited representation of rare variants, low-frequency 

variants, and structural variants. As a result, part of the genetic variance remains untagged, leading to 

downward-biased SNP heritability estimates (Wainschtein et al., 2019; Jang et al., 2022; Wainschtein et al., 2022). 

Recent analyses based on whole-genome sequencing data have demonstrated that rare variants can explain a 

portion of the previously “missing” heritability, further supporting this explanation. 

Second, incomplete linkage disequilibrium (LD) constrains the ability of markers to capture the effects of causal 

variants. Even with high-density SNP data, LD between markers and true causal loci is often insufficient to fully 

reflect effect sizes, resulting in systematic underestimation of additive genetic variance (Speed et al., 2012; 2016; 

Evans et al., 2017). This issue is particularly pronounced in populations with complex LD structures or highly 

heterogeneous allele frequency distributions. 

Third, confounding due to shared environmental effects may inflate pedigree-based heritability estimates. In 

pedigree studies, related individuals often share both genetic background and environmental conditions. If the 

model fails to adequately disentangle these contributions, environmental correlations may be incorrectly attributed 

to genetic variance, thereby inflating heritability estimates (Vinkhuyzen et al., 2013; Bérénos et al., 2014). In 

contrast, SNP-based methods are typically applied to samples with close relatives removed, reducing such 

confounding. 

In addition, non-additive genetic effects and gene-environment interactions can further widen the gap between 

pedigree-based and SNP-based heritability estimates. Narrow-sense heritability and most SNP-based frameworks 
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primarily focus on additive genetic variance, while dominance, epistasis, and their interactions with environmental 

factors are often not explicitly modeled (Abney et al., 2001; Chen et al., 2015; Zhu et al., 2015). These effects 

may be partially absorbed into genetic variance estimates in pedigree-based analyses, but are difficult to identify 

in SNP-based analyses using unrelated individuals. 

In summary, “missing heritability” is more appropriately understood as a difference in the identifiability of genetic 

variance under different statistical frameworks, rather than as an actual absence of genetic mechanisms. 

Pedigree-based and SNP-based heritability estimates reflect different aspects of genetic architecture; their 

discrepancy provides important insights into the multi-layered genetic basis of complex traits, rather than 

constituting mutually contradictory evidence. To facilitate a systematic comparison between traditional 

marker-assisted approaches and genome-wide statistical genetic methods in terms of research objectives, 

statistical assumptions, and application scenarios, representative methods-including linkage analysis, candidate 

gene approaches, and GWAS/GCTA-GREML-are summarized in Table 1. 

Table 1 Comparison between traditional marker-assisted approaches and genome-wide statistical genetic methods 

Comparison dimension Traditional approaches (Linkage/Candidate gene) Genome-wide approaches (GWAS/GCTA-GREML) 

Research starting point Hypothesis-driven candidate regions or genes Genome-wide, hypothesis-free scanning 

Primary data type A limited number of molecular markers (e.g., RFLP, 

SSR) 

High-density SNPs or whole-genome sequencing 

data 

Study population Structured populations or pedigrees Natural populations or breeding populations 

Scale of genetic signal Single loci or local linkage intervals Genome-wide, multi-locus signals 

Core statistical 

assumptions 

Strong prior assumptions with limited multiple 

testing 

Explicit modeling of population structure and 

multiple testing 

Main analytical objective Identification of QTLs or candidate genes Estimation of heritability and genetic architecture 

Interpretation of results Locus-specific effects and biological interpretation Variance decomposition and predictability 

assessment 

Suitability for complex 

traits 

Limited power for highly polygenic traits Well suited for highly polygenic traits 

Role in breeding Marker-assisted selection and locus validation Guiding genomic selection and breeding strategy 

design 

Representative methods Linkage analysis, candidate gene analysis GWAS、GCTA、GREMLGWAS, GCTA, GREML 

Methodological 

limitations 

Limited resolution, power depends on population 

design 

Sample-size dependent, limited causal interpretation 

Comparison dimension Traditional approaches (Linkage/Candidate gene) Genome-wide approaches(GWAS/GCTA-GREML) 

Note: Traditional marker-assisted approaches rely mainly on linkage analysis and candidate gene strategies to identify QTLs or 

functional loci using a limited number of molecular markers in structured populations (Fang et al., 2001). Genome-wide methods, 

represented by GWAS and GCTA/GREML, use dense genome-wide markers to build statistical models for estimating heritability and 

dissecting the genetic architecture of complex traits. Although these approaches differ substantially in statistical assumptions and 

analytical scale, they are historically and conceptually connected in crop genetic improvement (Fang and Wu, 2026). 

3 Principles of Constructing the Genome-wide Relationship Matrix (GRM) 

3.1 Standardized genotype matrix 

The construction of the genome-wide relationship matrix (GRM) is fundamentally based on a standardized 

genotype matrix. For each SNP locus in diploid species, genotypes are typically encoded as 0, 1, or 2, representing 

the number of copies of the reference allele carried by an individual. However, directly using these raw genotype 

encodings may introduce bias, because differences in allele frequencies across loci can lead to heterogeneity in 

variance (Forni et al., 2011; Wang et al., 2025). 

To avoid such bias, genotype data must be standardized. Let the population frequency of the reference allele at a 

given locus be p. The observed genotype xfor an individual at that locus is standardized as: 

z=
x-2p

√2p(1-p)
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This transformation centers the genotype (by subtracting its expectation, 2p) and scales it (by dividing by its 

standard deviation, √2p(1-p)), ensuring that all loci contribute comparably to the matrix calculation (Forni et al., 

2011; Granato et al., 2018). 

This standardization has important statistical implications. On the one hand, it removes variance heterogeneity 

caused by allele frequency differences across loci, making the GRM estimation more reflective of true genetic 

similarity (Wang et al., 2025). On the other hand, it effectively distinguishes between allele frequency differences 

arising from random genetic drift and those reflecting genuine shared genetic background, thereby enabling the 

construction of a robust relationship matrix at the genome-wide level. This approach has been widely applied in 

genomic prediction, heritability estimation, and association studies, and has been integrated into various molecular 

breeding tools (Forni et al., 2011; Granato et al., 2018). 

3.2 GRM formula and intuitive interpretation 

After constructing the standardized genotype matrix Z, the GRM can be expressed as: 

G=
1

M
ZZT 

where M denotes the total number of SNPs across the genome, and each matrix element Gijrepresents the 

genomic similarity between individuals i and j (Forni et al., 2011; Wang et al., 2025). 

Intuitively, the GRM measures the similarity between two individuals based on their standardized genotypes 

across all marker loci, and its values reflect their additive genetic relatedness at the population level. The diagonal 

elements represent self-relatedness (or inbreeding), with an expected value close to 1, while off-diagonal elements 

quantify pairwise relatedness between individuals. Values approaching 1 indicate high genetic similarity, whereas 

values close to 0 suggest near independence. 

From a statistical perspective, the GRM can be interpreted as a genome-wide weighted average of 

identity-by-state (IBS) (Forni et al., 2011). Unlike traditional pedigree-based relationship matrices, the GRM does 

not rely on prior pedigree information but is constructed directly from molecular data, enabling it to capture 

realized genetic similarity. This property allows the GRM to be applied not only to large-scale natural populations 

without pedigree records, but also to more accurately characterize complex population structures and latent 

genetic diversity (Bilton et al., 2024; Wang et al., 2025). 

3.3 Example: visualization and comparison of GRM structures in human and crop populations 

In high-level human genetics studies, the GRM is often visualized using heatmaps or distributions of pairwise 

relatedness to intuitively illustrate additive genetic similarity among individuals (Figure 1). For example, in 

studies based on the UK Biobank (Yang et al., 2015; Speed et al., 2016; Hou et al., 2019), GRM heatmaps 

typically exhibit a highly sparse structure centered along the diagonal: diagonal elements are close to 1, reflecting 

the standardized genetic variance of individuals themselves, while off-diagonal elements are mostly concentrated 

near zero, with weak clustering patterns appearing only in the presence of subtle population structure or residual 

relatedness. This structural feature indicates that, after stringent quality control (QC) and removal of close 

relatives, the GRM can stably capture SNP-derived additive genetic similarity among unrelated individuals. 

Similar structural patterns can also be observed in crop populations, but their manifestation is strongly influenced 

by population composition and linkage disequilibrium (LD) structure. In inbred populations such as rice or maize, 

where the number of chromosomes is limited, LD blocks are relatively large, and subpopulation differentiation is 

pronounced, GRM heatmaps often display clearer block-like structures corresponding to different genetic 

backgrounds or breeding origins (Granato et al., 2018). This comparison highlights that, although the statistical 

definition of the GRM remains consistent across species, its empirical structure is highly dependent on population 

history, LD architecture, and sampling design. 

It is important to note that the elements of the GRM represent standardized additive genetic covariances, rather 

than correlation coefficients. Therefore, when the number of markers is limited and allele frequencies are 

estimated from the sample, diagonal elements or values for highly related individuals may slightly exceed 1. 
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In this context, GRM heatmaps serve not only as a visualization tool, but also as an important diagnostic 

instrument for understanding population structure, assessing potential confounding factors, and interpreting 

subsequent GREML-based heritability estimates. 

 

Figure 1 Illustrative comparison of GRM structures in human and crop populations 

Caption: Illustrative schematic based on published studies (Yang et al., 2015; Speed et al., 2016). Panel A shows a schematic GRM 

heatmap representative of large human cohorts after standard quality control and removal of close relatives, as commonly observed 

in studies such as UK Biobank-based analyses. The matrix is characterized by strong diagonal elements (self-relatedness) and sparse 

off-diagonal values centered near zero, reflecting weak pairwise genetic relatedness among largely unrelated individuals. Panel B 

illustrates a typical GRM structure for crop populations, where pronounced block-like patterns arise due to strong population 

structure, limited numbers of chromosomes, extended linkage disequilibrium, and shared breeding history. These contrasting patterns 

highlight that, although the statistical definition of the GRM is consistent across species, its empirical structure is highly dependent 

on population history, LD architecture, and sampling design. The figure is schematic and intended for diagnostic illustration rather 

than representation of a specific dataset. Note that GRM values are not constrained to the interval [−1, 1]; diagonal elements and 

highly related pairs may slightly exceed 1 due to finite marker density and allele-frequency estimation. 

4 GREML and REML Estimation 

4.1 Model derivation 

Heritability estimation based on the genome-wide relationship matrix (GRM) is typically conducted within the 

framework of a linear mixed model (LMM) (Da et al., 2014; Yang et al., 2016; Zhou et al., 2020). Its general form 

can be written as: 

y=Xβ+g+e 

where ydenotes the vector of phenotypic observations, Xβ represents fixed effects (e.g., population structure, 

environmental factors, or other covariates), g  denotes the random additive genetic effects, and e  is the 

independent residual error term. Unlike traditional heritability estimation approaches, the LMM framework allows 

for simultaneous control of systematic confounding and estimation of genotype-related variance components 

within a unified model. 

In variance decomposition, the random genetic effects are assumed to follow a multivariate normal distribution 

with mean zero and a covariance structure proportional to the GRM: 

g∼N(0,σg
2G) 

where σg
2denotes the additive genetic variance and Gis the GRM. The environmental residuals are assumed to 

follow: 

e∼N(0,σe
2I) 
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Accordingly, the variance-covariance matrix of the phenotype can be expressed as: 

Var(y)=σg
2G+σe

2I 

Under this model, heritability is estimated as: 

h
2
=

σg
2

σg
2+σe

2
 

This framework provides the theoretical foundation for GREML (genomic-relatedness-based restricted maximum 

likelihood), enabling the estimation of additive genetic variance explained by genome-wide markers through 

statistical inference (Da et al., 2014; Yang et al., 2016; Zhou et al., 2020). Furthermore, to better capture complex 

genetic architectures, extensions of the LMM have been proposed, such as models incorporating multiple random 

effects or covariance structures among random effects (Zhou et al., 2019; 2020). 

4.2 REML estimation and the maximum likelihood framework 

In terms of parameter estimation, GREML typically relies on restricted maximum likelihood (REML). Unlike 

conventional maximum likelihood (ML), REML eliminates fixed effects by integrating them out of the likelihood 

function, thereby optimizing variance parameters based on residuals. This approach effectively avoids bias in 

variance component estimation caused by fixed-effect estimation, and is particularly advantageous in complex 

models and finite-sample settings (Dao et al., 2021; Meyer, 2023). 

In practical implementation, REML is carried out via numerical optimization of the log-likelihood function. The 

GCTA software employs the AI-REML (Average Information REML) algorithm, which iteratively updates 

parameters using the average information matrix and achieves efficient estimation of variance components (Yang 

et al., 2016; Strandén et al., 2024). BOLT-REML introduces stochastic projection and approximation techniques to 

substantially reduce computational complexity in large-scale datasets, making it suitable for cohorts with sample 

sizes on the order of hundreds of thousands to millions (Border and Becker, 2019). The GEMMA software also 

implements the REML framework and extends it to multivariate and Bayesian analyses, demonstrating robust 

convergence properties in small to medium-sized datasets (Meyer, 2023). 

Recent methodological advances, including principal component-based reparameterization and stochastic 

optimization algorithms, have further improved the scalability and adaptability of REML estimation for large and 

complex datasets (Strandén et al., 2024). 

4.3 Validation using simulated and empirical data 

The validity of the GREML method is typically assessed through a combination of simulation studies and 

empirical data analyses. Simulation studies have shown that, under correct model specification and sufficiently 

large sample sizes, GREML can provide unbiased estimates of heritability (Da et al., 2014; Cesarani et al., 2018; 

Zhou et al., 2020). However, in small sample settings (e.g., hundreds of individuals), the limited information 

content of the GRM leads to large estimation variance, and the estimates become sensitive to assumptions 

regarding population structure and phenotypic distribution, potentially introducing bias (Cesarani et al., 2018; 

Meyer, 2023). 

In contrast, in large cohorts (tens of thousands to millions of individuals), GREML is capable of more accurately 

capturing the genetic variation explained by genome-wide markers. Approximate methods such as BOLT-REML 

have been shown, in human population studies (e.g., UK Biobank), to produce heritability estimates close to true 

values while effectively controlling for population structure and batch effects (Nolte et al., 2017; Ni et al., 2018). 

In crop populations, such as maize and wheat with genome-wide data, GREML applications have revealed the 

heritable architecture of complex quantitative traits and provided theoretical guidance for subsequent GWAS and 

genomic selection. Further methodological extensions, such as CORE GREML, allow for covariance among 

random effects and have demonstrated improved performance over standard GREML in the presence of complex 

genetic architectures (Zhou et al., 2019; 2020). 
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5 Methodological Extensions and Variants 

To facilitate comparison of different extensions in terms of statistical objectives and applicability, this study 

adopts a unified analytical framework for commonly used GREML-based methods (Table S2). 

5.1 LOCO (leave-one-chromosome-out) strategy 

When estimating heritability and performing genomic prediction within the GREML framework, sources of bias 

embedded in model specification are not always immediately apparent. Among these, proximal contamination 

represents a typical issue with important methodological implications. Specifically, when analysis focuses on a 

particular chromosome or a localized genomic region, if markers from that same region are simultaneously used 

to construct the genomic relationship matrix (GRM), the linkage disequilibrium (LD) information they carry can 

“feed back” into the model through the relationship structure. This feedback mechanism leads to a systematic 

inflation of the estimated contribution of the focal region, fundamentally reflecting a lack of identifiability in 

parameter decomposition and the resulting estimation bias (Yang et al., 2011; Van den Berg et al., 2019). 

The LOCO (leave-one-chromosome-out) approach offers a targeted correction strategy for this problem. Rather 

than restructuring the model in a complex way, its core logic is to deliberately exclude all markers from the 

chromosome of interest when constructing the GRM used to estimate that chromosome’s genetic effect. In doing 

so, it effectively blocks the indirect feedback pathway through which local LD information influences its own 

effect estimate (Yang et al., 2011). This strategy implicitly relies on the assumption that genetic contributions from 

different chromosomes can be treated as approximately independent in a statistical sense, such that removing 

information from the target chromosome does not substantially impair the modeling of the remaining genomic 

background. Under this condition, LOCO can mitigate endogenous bias in local effect estimation without altering 

the overall modeling framework. 

From the perspective of genomic architecture, the advantages of LOCO become particularly evident under certain 

conditions. In organisms with a relatively small number of chromosomes, extended LD blocks, or phenotypic 

variation driven by a limited number of large-effect loci, local LD structures are more likely to generate strong 

signal coupling within the GRM, thereby amplifying the impact of proximal contamination. This feature is 

especially pronounced in many crop genomes, making the LOCO strategy highly compatible with studies in 

agricultural genetics and breeding. In contrast, for species with a larger number of chromosomes and rapid LD 

decay, the severity of proximal contamination is often reduced, and the marginal benefit of applying LOCO 

correspondingly diminishes. 

It is important to note that LOCO is not a universal solution for bias correction. Its utility is primarily confined to 

addressing proximal contamination and does not extend to systematic control of population structure, long-range 

LD heterogeneity, or other complex confounding factors. Therefore, its application should be guided by empirical 

evaluation rather than assumed necessity. In practice, researchers may compare heritability estimates or marker 

effect sizes obtained from standard GRM-based models and LOCO-adjusted models to assess the extent of 

proximal contamination (Van den Berg et al., 2019). If results are highly consistent across the two settings, the 

additional computational burden and model partitioning introduced by LOCO may not yield substantial benefits. 

Conversely, pronounced discrepancies indicate that local LD “feedback” is indeed influencing parameter 

estimation, in which case the use of a leave-one-chromosome-out strategy is both statistically justified and 

practically valuable. 

5.2 Partitioning heritability by functional categories 

In the traditional GREML framework, all SNPs are assumed to have equal prior weights by default; that is, their 

contributions to the overall genetic variance are treated as statistically homogeneous. However, this assumption is 

often difficult to sustain for complex traits, because different functional regions of the genome vary substantially 

in their biological mechanisms and evolutionary constraints, which in turn leads to spatial heterogeneity in the 

distribution of genetic effects. Against this background, research approaches that partition heritability by 

functional category have gradually developed. Their core objective is to reveal how genetic variance is distributed 
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across different functional regions, thereby extending the question from quantifying “the magnitude of heritability” 

to interpreting “the structural sources of heritability.” This approach can not only reduce heterogeneity-related bias 

in overall estimates, but also substantially improve the biological interpretability of the results, allowing 

heritability estimates to be more closely aligned with functional genomic information (Finucane et al., 2015; 

Gazal et al., 2018). 

In terms of methodological implementation, such models usually rely on existing functional annotation systems, 

in which genome-wide SNPs are classified into categories such as coding regions, regulatory regions, and 

conserved sequences. A genetic relationship matrix (GRM) is then constructed separately for each category. 

Subsequently, within an extended multi-GRM GREML framework, multiple variance components are introduced 

simultaneously to jointly estimate the genetic contributions of different functional regions (Finucane et al., 2015; 

Wei et al., 2019). A key assumption underlying this modeling strategy is that SNPs in different functional 

categories differ systematically in the distribution of their effect sizes and in their relationships with linkage 

disequilibrium (LD) structure, and that these differences can be statistically identified and quantified through 

partitioned modeling. 

From the perspective of data suitability, this type of method places relatively high demands on sample size and 

annotation quality. A larger sample size helps stabilize the estimation of multiple variance components, while 

high-quality functional annotation is a prerequisite for ensuring that the partitioning results have biological 

meaning. The number of SNPs must also be sufficient to support multi-category partitioning; otherwise, model 

parameters may face identification difficulties. In human and crop genetic studies, this method is particularly 

appropriate when the research focus shifts from a single estimate of heritability to the analysis of genetic 

architecture, namely when attention is directed toward the relative importance of different functional regions in 

contributing to a trait. 

It should be noted that functional partitioning of heritability is sensitive in practice to correlations among 

annotations. Because different functional categories often overlap in genomic space and may exhibit highly 

correlated LD structures, such multicollinearity can directly affect the identifiability of variance components, 

leading to unstable estimates or ambiguity in interpretation. Therefore, when interpreting the results, sensitivity 

analyses should be incorporated to evaluate model robustness, and conclusions regarding “enrichment” in any 

single region should be treated with caution. Statistical association should not be equated simplistically with clear 

biological causality (Gazal et al., 2018). 

5.3 Bivariate and cross-trait genetic correlation 

Under the single-trait GREML framework, researchers can estimate the genetic variance of a single phenotype 

with relative robustness. However, such models essentially remain confined to variance partitioning “within a 

trait” and are therefore limited in addressing the more biologically meaningful question of whether different traits 

share a common genetic basis. Against this background, bivariate and cross-trait GREML models have gradually 

become important extensions in the genetic analysis of complex traits. By jointly modeling multiple phenotypes, 

this approach not only improves the characterization of genetic covariance structures, but also enables the 

quantification of correlations between traits driven by shared genetic factors (Zhou et al., 2020). 

Bivariate GREML is, in essence, an extension of the variance-covariance structure of the classical linear mixed 

model. Within the same statistical framework, the model simultaneously estimates the genetic variance and 

environmental variance of two traits, as well as the genetic covariance between them, from which the genetic 

correlation coefficient can be derived. Its validity depends on several key assumptions. First, the genetic effects of 

different traits should be representable by a common genomic relationship matrix (GRM). Second, the sample 

data should contain sufficient information to support effective identification of the covariance structure (Figure 2). 

Ideally, the two traits should be measured in the same group of individuals or in highly overlapping samples, so 

that genetic and environmental effects can be partitioned within a unified reference framework. Adequate sample 

size is also particularly important for improving the precision of covariance estimation. In crop genetic 
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improvement research, this method has been widely used to elucidate the intrinsic relationships among yield, 

stress resistance, and quality traits, and it shows particular advantages in identifying potential trade-offs between 

traits (Derbyshire et al., 2024). 

In practical applications, bivariate GREML models are highly sensitive to data quality and model specification. 

On the one hand, phenotypic measurement error can directly interfere with the estimation of variance and 

covariance components, thereby increasing the uncertainty of genetic correlation estimates. On the other hand, 

insufficient sample overlap or limited information on the covariance structure may also lead to unstable parameter 

estimation. Therefore, when interpreting results, particular attention should be paid to the standard errors and 

confidence intervals of genetic correlation coefficients, so as to avoid overinterpreting genetic correlations in 

situations where sample size is limited or trait correlations are mainly driven by environmental factors. 

 

Figure 2 Schematic illustration of genetic covariance and genetic correlation in a bivariate GREML model 

Note: Each trait is decomposed into a genetic component and a residual component. The bivariate GREML framework jointly 

estimates the additive genetic variances of Trait 1 and Trait 2, as well as their genetic covariance, using a common genome-wide 

relationship matrix (GRM). The genetic correlation 𝑟𝑔 is derived from the estimated genetic covariance standardized by the square 

roots of the trait-specific genetic variances. This schematic emphasizes that genetic correlation reflects shared genetic architecture 

rather than phenotypic correlation, and its estimation is sensitive to sample overlap and phenotypic measurement error. The figure is 

illustrative and based on published GREML applications 

6 Interpretation of Results and Common Pitfalls 

6.1 Proper interpretation of “missing heritability” 

This section clarifies the concept of “missing heritability” by focusing on the statistical comparability between 

SNP-based and pedigree-based heritability estimates. In studies based on GREML (genomic-relatedness-based 

restricted maximum likelihood) or SNP-derived heritability, a commonly observed phenomenon is that the 

proportion of phenotypic variance explained by genotyped SNPs is often substantially lower than heritability 

estimates derived from pedigree or twin studies (Speed et al., 2016; Evans et al., 2017; Yang et al., 2017; 

Wainschtein et al., 2022). This discrepancy should not be interpreted as evidence that the trait itself is weakly 

heritable, but rather as a reflection of differences in the identifiability of genetic variance under distinct statistical 

frameworks. 

From a statistical genetics perspective, the systematic downward bias of SNP-based heritability primarily arises 

from the capturability constraints imposed by genotyping platforms, including marker coverage boundaries, 

heterogeneity in linkage disequilibrium (LD) structure, and the allele frequency (AF) spectrum of variants 

included in the analysis (Speed et al., 2016; Yang et al., 2017; Génin, 2019). Common SNP arrays provide strong 

tagging of common variants but have limited coverage of low-frequency, rare, and structural variants, which may 

contribute non-negligibly to total genetic variance (Speed et al., 2016; Wainschtein et al., 2022). 
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Moreover, when LD between causal variants and genotyped markers is weak, the effects of causal loci cannot be 

fully captured by tagging SNPs, leading to systematic underestimation of SNP-based heritability (Speed et al., 

2012; 2016; Evans et al., 2017). The relationship between effect size distribution and the AF spectrum is also 

critical: when genetic contributions are driven primarily by rare variants or variants located in low-LD regions, the 

discrepancy between SNP-based and pedigree-based heritability is further amplified (Speed et al., 2016; Evans et 

al., 2017; Wainschtein et al., 2022). 

6.1.1 Necessary conditions for comparing “heritability differences”: from phenomenon to statistical framework 

When discussing the discrepancy between pedigree-based heritability and SNP-based heritability, a frequently 

overlooked yet fundamental issue is whether such a comparison is statistically valid in the first place. These two 

types of estimates arise from distinct data structures and modeling frameworks; their differences are therefore not 

merely numerical deviations, but are embedded within their respective variance decomposition systems. Without 

strict alignment of underlying assumptions and conditions, the so-called “difference” often reflects only a 

superficial contrast between heterogeneous statistical objects, rather than an interpretable biological signal. 

Consistency in phenotype definition constitutes the foundation of any meaningful comparison. A phenotype is not 

simply an observed variable; it directly embodies the variance structure subject to decomposition. Differences in 

measurement protocols, normalization procedures, or aggregation strategies across time points or traits can all 

alter the composition of phenotypic variance, thereby affecting both the numerator and denominator of heritability 

estimates. Once the phenotype definition shifts, even identical underlying genetic effects may yield systematically 

different estimates. As a result, comparisons lacking a unified phenotypic framework are unlikely to possess 

statistical interpretability. 

The distribution of environmental factors and the structure of measurement error further define the reference 

frame for heritability estimation. Heritability is, by definition, the proportion of genetic variance relative to total 

phenotypic variance, and the environmental contribution to this total is highly dependent on the population 

context and study design. If studies differ substantially in environmental exposure, population composition, or 

sources of error, the decomposed variance components no longer belong to a common statistical population. 

Under such conditions, comparisons of heritability lose their foundation in a shared probability space. 

In pedigree-based models, the treatment of shared environmental effects plays a critical role in identifying genetic 

variance. In twin or family studies, phenotypic similarity among related individuals arises from both genetic and 

shared environmental sources. If the model fails to adequately disentangle these components, part of the 

environmental effect may be misattributed to genetic variance, leading to systematic overestimation of pedigree 

heritability. This bias is structural rather than random, and often manifests as an apparent inflation of 

pedigree-based estimates relative to SNP-based heritability. 

Finally, the coverage of the SNP marker system imposes a fundamental constraint on SNP-based heritability 

estimates. Estimates derived from genotyping arrays or sequencing data can only capture the genetic variation 

represented by observed markers and their linkage disequilibrium with causal variants. If low-frequency variants, 

rare variants, or structural variants are insufficiently represented, the corresponding genetic variance will be 

systematically missed. Therefore, even under correct model specification, SNP-based heritability cannot, in 

principle, reach the total level reflected by pedigree-based estimates. 

6.1.2 Conceptual boundaries and interpretation of snp-based heritability 

Within this analytical framework, the concept of SNP-based heritability requires a more precise definition. Rather 

than viewing it as a “lower-bound estimate” or a proxy for total trait heritability, it is more appropriately 

understood as the proportion of genetic variance captured by the observed SNP set under specific marker coverage 

and modeling assumptions-commonly referred to as “chip-capturable heritability.” This definition highlights its 

conditional and tool-dependent nature, rather than treating it as a comprehensive representation of the genetic 

architecture of a trait. 
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Accordingly, interpreting SNP-based heritability derived from methods such as GREML as direct evidence of 

“low trait heritability” is not statistically justified. Such interpretations overlook the dependence of the estimate on 

marker coverage, linkage disequilibrium structure, and parametric modeling assumptions. 

A more appropriate perspective is that SNP-based heritability reflects the joint explanatory capacity of multiple 

factors within a given analytical framework. First, the extent to which genomic markers cover true genetic 

variation determines the upper bound of observable genetic signal. Second, the structure of linkage disequilibrium 

governs whether causal variants can be effectively proxied by measured markers. Third, assumptions regarding 

allele frequency distributions and effect sizes further influence both the bias and variance of the estimate (Speed et 

al., 2016; Yang et al., 2017; Génin, 2019; Wainschtein et al., 2022). 

6.2 Interpretation checklist: a standardized workflow for GREML-based SNP heritability 

After obtaining an SNP-based heritability estimate within the GREML framework, a single numerical value alone 

does not provide sufficient explanatory power. Its statistical significance and biological interpretation both depend 

on the data-generating process, model specification, and stability of the estimation procedure. Therefore, a sound 

interpretation should not be limited to reporting the estimate itself, but should be grounded in a systematic 

evaluation of the entire analytical process. In other words, interpreting SNP heritability is a form of “conditional 

inference,” whose validity depends on the consistency among data quality, model assumptions, and 

methodological suitability. 

The foundation of result interpretation lies in the reliability of the data and the appropriateness of phenotypic 

modeling. The extent to which SNP markers cover genome-wide variation directly constrains the range of genetic 

variance that can be identified. In particular, when only common-variant genotyping array data are used, 

low-frequency variants, rare variants, and structural variants are not sufficiently captured. Their corresponding 

genetic contributions are therefore inevitably missed, leading to a systematic underestimation of SNP heritability, 

a phenomenon that has been clearly supported by large-scale sequencing studies (Wainschtein et al., 2019; 2022). 

Statistical processing of phenotypes is equally important. Phenotypes that have not been appropriately 

transformed or adjusted for systematic environmental factors often make effective variance decomposition 

difficult. In multi-environment or repeated-measure settings, if environmental heterogeneity is not explicitly 

modeled, part of the environmental effect may be incorrectly absorbed into the residual term, thereby weakening 

the ability to identify genetic variance (Evans et al., 2017; Yang et al., 2017). 

The treatment of population structure and relatedness constitutes another important source of estimation bias. 

Systematic differences introduced by population stratification, together with correlation structures arising from 

cryptic relatedness, may distort heritability estimates if not adequately controlled, and the direction of such bias is 

not necessarily fixed. In individual-level analyses, correcting for principal components or constructing an 

appropriate mixed-model structure to absorb population-structure effects is a basic requirement for maintaining 

valid estimation. Meanwhile, the identification of close relatives and the thresholds used for their exclusion should 

also be subjected to sensitivity analysis, so as to avoid unstable inference caused by differences in sample 

structure. When individual-level data are unavailable, summary-statistics-based approaches, such as LDSC or 

SumHer, can serve as alternative strategies for robustly modeling population stratification and provide important 

references for interpreting GREML results (Ge et al., 2016; Speed et al., 2016; Speed and Balding, 2018; Speed et 

al., 2022). 

The dependence of heritability estimation on the construction of the genomic relationship matrix (GRM) means 

that its interpretation must be situated within specific modeling assumptions. Because linkage disequilibrium (LD) 

patterns among SNPs are complex, failure to appropriately account for LD heterogeneity, or weak LD between 

genotyped markers and causal variants, may lead to systematic biases in different directions (Speed et al., 2012; 

2016). In practice, a single standard GRM is often insufficient to fully characterize genetic architecture. 

Introducing LD correction or using stratified GRM models to partition SNPs by allele-frequency intervals or 

functional annotation categories can, to some extent, reduce model-specification bias and improve the resolution 

with which sources of genetic variance are interpreted. In addition, cross-checking results with frameworks that 
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are more sensitive to LD structure, such as SumHer, helps assess the degree to which the estimates depend on 

assumptions embedded in GRM construction (Speed and Balding, 2018; Speed et al., 2022). 

However, even when model specification is appropriate, the statistical stability of the estimates still needs to be 

evaluated separately. The convergence of the REML algorithm, the magnitude of standard errors, and the width of 

confidence intervals are all key indicators for judging result reliability. In particular, when boundary solutions 

occur, such as genetic variance estimates approaching zero or reaching the upper bound of the parameter space, 

statistical explanations such as insufficient sample size or limited model information should be considered first, 

rather than assigning direct biological meaning to such results. For complex traits or studies with limited sample 

sizes, resampling methods such as jackknife or bootstrap can be used to evaluate estimation variability, and 

increasing sample size through multi-cohort joint analysis has also been shown to be an effective way to improve 

estimation precision (Evans et al., 2017; Wainschtein et al., 2022). 

Given these multidimensional constraints, interpretation based on a single method is clearly limited. 

Cross-validating GREML estimates with other methods is therefore a key strategy for improving the robustness of 

conclusions in current research. Because different methods differ in how they capture genetic variance, their 

estimates for the same trait often show systematic deviations. Comparing individual-level GREML results with 

summary-statistics-based LDSC or SumHer estimates can help identify biases introduced by differences in data 

structure or model assumptions (Speed et al., 2016; Speed and Balding, 2018). Especially when SNP heritability is 

substantially lower than family-based heritability, the result should be interpreted comprehensively in terms of 

marker coverage, LD structure, non-additive genetic effects, and gene-environment interactions, rather than being 

simply attributed to methodological limitations or missing genetic information (Yang et al., 2017; Wainschtein et 

al., 2022). 

In essence, SNP heritability estimated under the GREML framework is a quantitative expression of the “genetic 

variance identifiable under given data and model conditions.” The interpretation of SNP heritability results should 

follow the standardized checklist shown in Supplementary Table S1. Only when data quality, model specification, 

statistical stability, and methodological consistency have all been adequately verified can the estimate serve as an 

important basis for understanding the genetic architecture of complex traits. Integrating statistical inference with 

the biological background of the trait and developing an interpretive pathway based on multiple lines of evidence 

has become a mainstream paradigm in contemporary statistical genetics. 

7 Discussion 

7.1 Implications of SNP-based heritability estimation for the “missing heritability” debate 

The issue of “missing heritability” has long been a central debate in quantitative genetics and population genomics. 

Pedigree-based studies often report relatively high heritability estimates, whereas SNP-based approaches-such as 

GREML, which estimates genetic variance via the genome-wide relationship matrix-typically yield lower values 

(Evans et al., 2017; Yang et al., 2017). This discrepancy arises from multiple factors, including the limited capture 

of low-frequency and rare variants, incomplete linkage disequilibrium (LD) between genotyped markers and 

causal mutations, the omission of epistatic interactions, and the cumulative effects of numerous small-effect 

alleles underlying highly polygenic traits (Hou et al., 2019; Holland et al., 2020). In recent years, with the 

increasing use of whole-genome sequencing and the development of more refined LD-aware modeling approaches, 

this gap has narrowed to some extent. However, for highly polygenic traits, a portion of heritability remains 

unexplained (Evans et al., 2017; Hou et al., 2019). 

Importantly, SNP-based heritability should not be interpreted simply as an underestimate of the true heritability, 

but rather as a quantitative characterization of the variance explained by the observed set of markers (Yang et al., 

2017). This perspective has prompted a conceptual shift in how heritability is defined: the issue is not whether 

heritability is truly “missing,” but whether the association between genotyped markers and causal variants is 

incomplete. Consequently, SNP-based heritability serves as an important indicator of the capture efficiency of 

genotyping platforms and provides a theoretical basis for designing higher-density genotyping strategies and 

improving the dissection of complex traits. 
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7.2 Practical implications for plant breeding 

For plant breeding, SNP-based heritability estimation has substantial practical relevance. First, it provides a 

quantitative basis for assessing the predictability of complex quantitative traits. A high SNP-based heritability 

estimate suggests that the major genetic components of a trait are effectively captured by existing genotyping 

markers, indicating that genomic selection (GS) models are likely to achieve high predictive accuracy for that trait 

(Schmidt et al., 2019; Zhu and Zhou, 2020). Conversely, a low estimate implies that a significant portion of 

genetic variation remains unexplained, highlighting the need for increased marker density, incorporation of rare 

variants, or improved modeling of gene-environment interactions (Zhu and Zhou, 2020). 

Second, SNP-based heritability provides valuable guidance for population design and resource allocation. In 

major crops such as rice, maize, and wheat, factors such as population size, genetic background, and sample 

representativeness significantly influence the stability of heritability estimates. By applying GREML in 

early-stage populations, breeders can rapidly assess whether it is necessary to increase sample size, optimize 

crossing schemes, or adjust selection strategies for specific traits (Schmidt et al., 2019; Holland et al., 2020). 

Furthermore, partitioning heritability by functional annotation or allele frequency enables breeders to identify 

genomic regions or variant classes that should be prioritized for improvement, thereby enhancing selection 

efficiency (Weissbrod et al., 2019; Zhu and Zhou, 2020). 

7.3 Integration with PRS, fine-mapping, and downstream methods 

Unlike early marker-assisted breeding approaches centered on QTL mapping and candidate genes (Fang et al., 

2001), the GCTA/GREML framework focuses on the genome-wide proportion of genetic variance captured by 

markers. Its results are therefore more suitable for evaluating the predictive limits of traits, rather than directly 

identifying functional loci. The value of GREML lies not only in heritability estimation itself, but also in its 

integrative role within the broader analytical pipeline. 

First, GREML is closely related to polygenic risk scores (PRS). SNP-based heritability provides a theoretical 

upper bound for PRS prediction accuracy. Specifically, if a trait has low SNP-based heritability, improvements in 

model complexity alone cannot overcome this fundamental limitation (Yang et al., 2017; Zhang et al., 2018; Wang 

et al., 2023). Recent studies have demonstrated that incorporating functional annotations and LD structure, as well 

as accounting for uncertainty in individual-level risk estimation, can substantially improve PRS performance 

(Weissbrod et al., 2019; Ding et al., 2021). 

Second, the variance decomposition framework of GREML is highly compatible with fine-mapping approaches. 

By partitioning heritability across chromosomes, functional annotations, or specific gene sets, GREML can 

provide prioritization for identifying causal variants, thereby improving both the resolution and biological 

interpretability of fine-mapping results (Weissbrod et al., 2019; Gazal et al., 2022). 

Taken together, GREML is not merely a tool for heritability estimation, but a methodological bridge linking 

variant discovery, statistical inference, and functional interpretation, thereby offering a systematic framework for 

future precision breeding and molecular improvement. 

8 Conclusion 

The development of GCTA and GREML has established a standardized framework for estimating the heritability 

of complex traits using genome-wide SNP data. Unlike traditional pedigree-based approaches, these methods 

construct a genomic relationship matrix (GRM) and decompose phenotypic variance within a linear mixed model 

framework, enabling robust heritability estimation in natural or breeding populations even in the absence of 

complete pedigree information. This framework represents a fundamental transition from classical quantitative 

genetics to genotype-driven modern molecular genetics, and demonstrates strong scalability and practical utility as 

population sizes continue to increase. Furthermore, GCTA/GREML allows heritability to be partitioned by 

chromosomal segments, functional annotations, or genomic regions, thereby providing a more biologically 

informative perspective on the genetic architecture of complex traits. 
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However, it is essential to recognize that GCTA/GREML estimates rely on a set of statistical assumptions and 

boundary conditions. First, these methods typically assume that SNP effects follow a multivariate normal 

distribution and primarily focus on additive genetic variance, with limited consideration of dominance and 

epistatic effects. Second, the heritability estimates obtained from GCTA/GREML reflect only the variance 

captured by genotyped or imputed markers, and are therefore influenced by marker density, allele frequency 

distribution, and the extent of linkage disequilibrium (LD) with causal variants. Consequently, such estimates 

should not be interpreted as the “true heritability” of a trait, but rather as conditional estimates based on 

observable genomic variation. Ignoring these underlying assumptions may lead to overinterpretation-for example, 

incorrectly attributing “missing heritability” to methodological limitations rather than to inherent constraints in 

data coverage and population characteristics. 

In crop genetic improvement and molecular breeding, GCTA and GREML also demonstrate substantial practical 

value. On the one hand, they enable the characterization of the molecular genetic architecture of complex traits, 

providing a theoretical basis for quantitative trait locus (QTL) discovery and genomic selection model 

development. On the other hand, by comparing heritability estimates across traits or environmental conditions, it 

is possible to identify traits that are highly sensitive to environmental variation, thereby informing precision 

breeding strategies. In major crops such as rice, maize, and wheat, numerous empirical studies have demonstrated 

that GREML can effectively distinguish between the selectable and non-selectable components of trait variation, 

offering critical guidance for breeding target definition and resource allocation. 

Overall, the GCTA and GREML family of methods have not only transformed the paradigm of heritability 

research in quantitative genetics, but have also provided practical tools for dissecting complex traits and 

advancing molecular breeding. Looking forward, with the continued development of population-scale sequencing, 

rare variant detection, and large-scale multi-environment datasets, GREML-based heritability estimation is 

expected to become increasingly refined and comprehensive. This progress will further enhance its role in 

elucidating the genetic basis of complex traits and in guiding genome-based breeding strategies. 
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Appendix A. Checklist for Interpreting SNP-based Heritability Estimates under the GREML Framework 

This checklist is intended to standardize the interpretation workflow of SNP-based heritability estimates derived 

from the GREML framework, emphasizing their dependence on data quality, model specification, and underlying 

statistical assumptions. Researchers may use this checklist to systematically verify each step of the analysis, 

thereby improving the transparency and reproducibility of inference. 

Table S1 Interpretation of SNP heritability estimates followed a standardized checklist 

No. Check Dimension Key Items to Check Completion 

Status 

1 Genotype quality 

control and variant 

spectrum 

Whether rigorous genotype quality control has been conducted; whether the SNP set 

adequately covers the allele frequency spectrum, particularly low-frequency and rare 

variants; and whether limited coverage is expected to result in downward-biased SNP 

heritability estimates. 

   

2 Phenotype modeling 

and covariate 

adjustment 

Whether the phenotype distribution has been examined and appropriate transformations 

applied; whether batch effects, environmental covariates, and other key fixed effects 

have been included in the model. 

   

3 Repeated measures 

and 

multi-environment 

structure 

For phenotypes measured across multiple time points or environments, whether 

multi-environment or hierarchical mixed models have been adopted to avoid inflation of 

residual variance. 

   

4 Population structure 

control 

Whether population stratification has been assessed and adjusted for using principal 

components or equivalent approaches; and whether the estimates are robust to the 

number of PCs included. 

   

5 Relatedness filtering 

and kinship 

threshold setting 

Whether criteria for removing close relatives have been clearly defined; and whether the 

stability of SNP heritability estimates has been evaluated under alternative relatedness 

thresholds. 

   

6 GRM construction 

and LD sensitivity 

Whether results obtained using the standard GRM have been compared with those from 

LD-adjusted or partitioned GRM models; and whether sensitivity to linkage 

disequilibrium assumptions has been assessed. 

   

7 REML convergence 

and boundary 

estimates 

Whether REML optimization has converged; whether standard errors and confidence 

intervals have been reported; and whether boundary estimates (e.g., ℎ2 = 0or ℎ2 = 1) 

are interpreted as indicators of limited information rather than definitive biological 

conclusions. 

   

8 Estimation stability 

and sample size 

adequacy 

Whether estimation stability has been evaluated using standard errors; whether 

resampling approaches such as jackknife or bootstrap have been applied when feasible; 

and whether the sample size is adequate for reliable variance component estimation. 

   

9 Cross-method 

validation 

Whether GREML-based estimates have been compared with results from 

summary-statistic methods such as LDSC or SumHer. 
   

10 Integrated 

interpretation and 

boundary awareness 

Whether SNP heritability estimates are interpreted in the context of marker coverage, 

model assumptions, and trait biology; and whether SNP heritability is not equated with 

the trait’s “true” heritability. 
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Appendix B. Comparative Summary of Statistical Objectives, Assumptions, and Applicability of GREML 

Extensions and Variants 

Supplementary Table 2 summarizes the differences among commonly used extensions of the GREML framework 

in terms of their statistical objectives, core assumptions, applicable data structures, and key diagnostic 

considerations. This comparison table is intended to provide guidance for selecting appropriate extended models 

under different research scenarios. 

Table S2 Statistical Objectives, Assumptions, and Applicability of GREML Extensions and Variants 

Method extension Primary statistical issue 

addressed 

Core assumptions Typical applicable data 

structures 

Recommended diagnostics and 

cautions 

LOCO 

(Leave-One-Chrom

osome-Out) 

Proximal 

contamination, leading 

to inflation of local 

effects and 

overestimation of 

variance components 

Genetic contributions 

from different 

chromosomes are 

approximately 

independent; excluding 

the target chromosome 

does not substantially 

compromise estimation 

of genome-wide 

background effects 

Genomes with a limited 

number of chromosomes and 

large LD blocks; scenarios 

with high-effect loci; 

commonly applied in crop 

genomic datasets 

Compare results from standard 

GRM and LOCO GRM; LOCO is 

designed primarily to address 

proximal contamination and 

should not be used as a general 

correction for population structure 

or LD heterogeneity 

Functional 

partitioning of 

heritability 

(multiple GRMs) 

Heterogeneous 

distribution of genetic 

variance across 

genomic functional 

regions; limited 

biological 

interpretability of 

aggregate heritability 

SNP effect-size 

distributions and LD 

patterns differ 

systematically across 

functional annotations 

and can be identified 

through partitioned 

modeling 

Large sample sizes; reliable 

functional annotations; 

sufficient SNP density within 

each category; suitable for 

enrichment and variance 

partitioning analyses 

Highly sensitive to annotation 

correlation and multicollinearity; 

perform sensitivity analyses; avoid 

over-interpreting enrichment 

signals from individual categories 

Bivariate / 

multi-trait GREML 

Identifiability of genetic 

covariance and genetic 

correlation between 

traits; integration of 

information across traits 

Genetic effects for 

multiple traits are 

captured by a common 

GRM; covariance 

structure is identifiable 

in the sample 

Adequate sample size; traits 

measured in the same or 

highly overlapping samples; 

applications in multi-trait 

breeding and trade-off 

analyses 

Sensitive to phenotypic 

measurement error and sample 

overlap; carefully inspect standard 

errors and confidence intervals of 

genetic correlations; avoid 

over-interpretation under limited 

sample sizes 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


