
GENETICS, 2026, 232(1), iyaf230 

https://doi.org/10.1093/genetics/iyaf230
Advance Access Publication Date: 23 October 2025 

Investigation

Impact of erroneous marker data on the accuracy  
of narrow-sense heritability
Christi Sagariya  ,1 Václav Bittner  ,1,2 Torsten Pook  ,3 Amit Roy  ,1 Milan Lstibůrek  1,*
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Genomic relationship matrices computed from single nucleotide polymorphism (SNP) data are now widely used to estimate narrow- 
sense heritability (h2), yet the impact of genotyping error on these estimates is not well understood. We used stochastic simulation 
and supporting algebra to examine this impact and its interplay with marker density. Starting from a diploid founder population with 
300 additive quantitative trait loci, we simulated SNP panels with densities ranging from 6.25 to 50 SNPs per cM and traits with true 
h2 of either 0.2 or 0.6. Genotypes were then altered at error rates ε = 0 − 1 under three error kernels. For each of 100 simulation repli
cates, we calculated the genomic relationship matrix using VanRaden’s method and estimated h2 with restricted maximum likelihood 
(REML). In the absence of error, low-density marker panels underestimated h2. Sparse panels were also the most tolerant up to ε ≈ 
0.1 yet still underestimated h2. Conversely, the densest panel recovered the true h2 when ε = 0, but even a small error ε > 0.01 caused 
an upward bias. The analysis reveals that all distortions are attributable to: (i) a shift in the mean off-diagonal elements of the genomic 
relationship matrix with magnitude (1 − ε)2 and (ii) a change in the ratio between the mean diagonal and mean off-diagonal elements of 
the genomic relationship matrix. When ε ≳ 0.6, every kernel pushed h2 toward zero. Thus, even modest genotyping error can inflate or 
deflate additive genetic variance estimates. SNP panels therefore require rigorous laboratory quality control, error-aware imputation, 
and statistical models that account for genotype uncertainty when estimating h2.
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Introduction
The conventional numerator relationship matrix represents ex
pected genetic relationships between individuals based on 
identity-by-descent probabilities, which are calculated recursively 
from a pedigree. In contrast, the genomic relationship matrix G 
captures the degree of genetic resemblance directly from DNA se
quence data (VanRaden 2008). This approach offers multiple ad
vantages, including accounting for historical relationships, 
separating nonadditive genetic variance components (Gamal 
El-Dien et al. 2016), and incorporating the Mendelian sampling 
term (Hill and Weir 2011). Consequently, it enhances the accuracy 
of breeding value estimation, genetic gain prediction, and increases 
selection efficiency for complex traits (Meuwissen et al. 2001).

With the growing availability of DNA marker data, G matrices 
are now widely used to estimate genetic parameters across vari
ous fields, including animal breeding (Legarra et al. 2009; 
Goddard et al. 2011), plant breeding (Bernardo and Yu 2007; 
Zapata-Valenzuela et al. 2013; Munoz et al. 2014), as well as con
servation and evolutionary biology (Allendorf et al. 2010; Lee et al. 
2010; Gienapp et al. 2017). Among these parameters, narrow- 
sense heritability h2 is particularly significant and forms the focus 

of our investigation. Its estimation is typically performed by 
solving mixed-model equations (Henderson 1953), where G is in
corporated into the random component. The G matrix is derived 
solely from genotypic data, integrating information from all 
marker loci. Consequently, the accuracy of G depends directly 
on the quality of marker genotypic data, which, in turn, affects 
the accuracy of h2.

Several factors can compromise marker genotypic data quality, 
including issues related to DNA sequencing, sample quality, la
boratory conditions, or human mistakes (Pompanon et al. 2005). 
Genotype mismatches may arise from mutations, null alleles, al
lelic dropouts, or false alleles (Wang J 2018). These errors impact 
estimating various parameters, including the genetic distance be
tween markers in linkage mapping and recombination events 
(Goldstein et al. 1997), allele sharing in affected sib-pairs 
(Abecasis et al. 2001), and the impact of missing data on detecting 
linkage disequilibrium (LD) and haplotype generation (Hinrichs 
and Suarez 2005). Additionally, errors influence the identification 
of markers associated with low allele frequency (Hosking et al. 
2004), the rate of nonrecombinant haplotypes inherited by off
spring (Gordon et al. 1999), and inconsistencies with Mendelian 
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inheritance, leading to false exclusion rates in family-based stud
ies (Seaman and Holmans 2005).

Genotyping errors can arise at multiple sequencing and data 
processing stages. Wet lab issues such as DNA degradation, con
tamination, and polymerase chain reaction (PCR) amplification 
bias can lead to allelic dropout and unequal allele representation 
(Varma et al. 2007; Aird et al. 2011). During sequencing, platform- 
specific errors may introduce base substitutions, insertions and 
deletions, especially in homopolymer regions or context-sensitive 
motifs (Rang et al. 2018; Wenger et al. 2019). In subsequent steps, 
mapping bias and differences in variant caller sensitivity can dis
tort genotype likelihoods, particularly for rare alleles and indels 
(Li 2014; Brandt et al. 2015). Postprocessing procedures such as 
genotype imputation and phasing, particularly when applied to 
low-coverage data, may introduce systematic miscoding even 
after stringent quality control (Browning and Browning 2016). 
Although standard quality control approaches, including 
Mendelian consistency checks and Hardy–Weinberg equilibrium 
(HWE) testing, are routinely implemented (Wiggans et al. 2009; 
Cheung et al. 2014), empirical studies still report locus-specific 
genotyping error rates ranging from less than one percent (Pook 
et al. 2019) to as high as fifteen percent (Bonin et al. 2004). These 
persistent errors pose a significant challenge for accurately esti
mating genetic parameters (Sobel et al. 2002; Forneris et al. 2015).

While the presence of genotyping errors is well-documented, 
their quantitative impact on genetic parameter estimation has 
been explored in a limited number of studies, primarily focusing 
on the reliability of genomic predictions. Akbarpour et al. (2021) si
mulated a genome resembling that of rainbow trout, introducing 
genotyping errors randomly without favoring any allele. They esti
mated genomic breeding values (GEBVs) by incorporating the geno
type marker matrix into a mixed model to estimate single nucleotide 
polymorphism (SNP) marker effects. Since GEBVs are derived as the 
product of an individual’s marker matrix and estimated marker ef
fects, any genotyping error directly affects marker effect estimates, 
ultimately distorting genomic predictions. Their findings revealed 
that genotyping errors disrupted marker effects, causing bias in 
the regression coefficients between true and estimated GEBVs, 
regardless of trait genetic architecture. Even minimal errors 
significantly reduced genomic prediction accuracy. Furthermore, 
Wang X et al. (2019) focused on a common error in 
Genotyping-by-Sequencing (GBS) data where heterozygous geno
types are miscalled as homozygous, particularly at low sequencing 
depths. By simulating a livestock population, they demonstrated 
that statistically correcting these genotypes not only increased the 
accuracy of the genotype calls but also improved the reliability of 
subsequent genomic predictions. Similarly, Khalilisamani et al. 
(2021) simulated a genome similar to that of Black Tiger prawns, 
evaluating the effect of genotyping errors and family contribution 
types (equal vs. unequal) on genomic prediction accuracy. They ap
plied a probability matrix to model genotypic errors and used the G 
matrix in mixed models to estimate breeding values. Their results 
revealed that genotyping errors had a greater impact on genomic 
prediction accuracy than family contribution types, regardless of 
marker subset size or h2 value. Low-density SNP subsets were par
ticularly vulnerable to genotyping errors, while high-density subsets 
were comparatively less affected.

Although the reliability of genomic evaluation has received 
growing attention (Goddard 2009; Wiggans et al. 2011; Misztal 
et al. 2020), the impact of genotyping errors on h2 estimation re
mains unexplored. We use simulations to evaluate this impact, fo
cusing on bias and precision. To investigate this, we simulate a 
population with varying marker densities and trait h2, introduce 

different genotyping errors, and conduct genetic evaluations 
using G matrices. We assess how these errors affect the accuracy 
of h2 estimates. We report that even minor genotyping errors can 
substantially bias h2 estimates, especially at high marker dens
ities. This bias increases nonlinearly with error magnitude. We 
provide mathematical reasoning to explain these patterns and 
discuss their implications for current practices in genomic evalu
ation, emphasizing the importance of accounting for genotyping 
errors.

Methods
The methodology of this study consists of three stages: population 
simulation, introduction of errors into the simulated marker data
set, and genetic evaluation. All stages of the simulation study 
were performed in the R system (R Core Team 2023). The entire 
process was repeated 100 times using independent stochastic si
mulations, and the means and standard deviations were calcu
lated across these replicates.

Population simulation
The population simulation was conducted using the MoBPS soft
ware (Pook et al. 2020), starting with a founder population of 
5,000 unrelated individuals. A genome was simulated with four 
linkage groups, each 100 cM in length. We considered 2,500, 
5,000, and 20,000 SNP markers, corresponding to marker densities 
of 6.25, 12.5, and 50 markers per cM, respectively; these markers 
were evenly spaced across the genome. A predefined genetic 
architecture for a single quantitative trait included an additional 
300 purely additive quantitative trait loci (QTLs). The initial allele 
frequencies for all markers and QTLs were randomly sampled 
from a Beta distribution with shape parameters α = 1 and β = 1, re
sulting in a uniform distribution. Additive effects of QTLs were 
sampled from a normal distribution N(0, σ2

a), where σ2
a is the addi

tive genetic variance. h2 of the trait was set to 0.2 and 0.6.
To generate a LD structure, the founder population underwent 

100 generations of random mating. From the final generation, a 
parental population of 100 individuals (denoted further as “par
ents”) was randomly sampled. These individuals were then ran
domly mated to produce an offspring population of 1,000 
individuals (denoted further as “offspring”).

We emphasize that simulation was chosen deliberately over 
empirical data because it provides access to a known error-free 
reference, allowing us to isolate and quantify the impact of geno
typing error. Unlike real datasets, where true relationships and er
ror rates are unknown, simulations permit systematic evaluation 
across error kernels and magnitudes, with patterns further sup
ported by mathematical reasoning.

Calculation of genetic relationships from  
marker data
Following VanRaden (2008), let M = (mij ∈ Rn×m) : mij ∈ { − 1; 0; 1} be 
a genotype marker matrix, where n is the number of individuals 
(1,000 offspring with available phenotypic records assumed as a 
base for genetic evaluation in the current study) and m is the num
ber of marker loci (described previously). The values −1 and 1 refer 
to homozygotes, while 0 corresponds to heterozygotes. Let p be a 
row vector whose ith element is defined as 2(pi − 0.5), where pi de
notes the allele frequency of the second allele at locus i. The gen
omic relationship matrix G = (gij ∈ Rn×n) can then be computed 
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(hereafter referred to as the first method) as

Gmethod1 =
(M − 1np)(M − 1np)⊺

2
􏽐

pi(1 − pi)
(1) 

Next, assume a diagonal matrix D = (dii) ∈ Rn×n such that

di,i =
0 if i ≠ j
[m[2pi(1 − pi)]]

−1 if i = j

􏼚

(2) 

Then, G can also be computed (referred to as the second method) 
as

Gmethod2 = (M − 1np)D(M − 1np)⊺ (3) 

The “miraculix” R package (Schlather 2020) was used to calculate 
G from M.

Erroneous marker data
We introduced varying levels of error into the M matrix, where the 
proportion of altered elements, denoted as ε, ranged from ε = 0 (no 
error) to ε = 1 (all elements altered). The elements to be altered 
were selected randomly. Three scenarios for error introduction 
were considered, as summarized in Table 1. In Scenario 1, allelic 
substitution was based on the existing genotype in a respective 
element of M. In Scenario 2, substitution probabilities were 
based on H-W genotypic frequencies calculated for each marker 
locus, which were fixed prior to introducing error. Finally, in 
Scenario 3, substitution probabilities were uniform across all ele
ments of M.

These scenarios can be interpreted as follows: In Scenario 1, 
substitutions deliberately promote alternative genotypes to re
place existing ones. In Scenario 2, substitutions aim to preserve 
genotypes in line with the expected HWE frequencies at each lo
cus. Meanwhile, Scenario 3 represents a neutral case where 
substitutions occur independently of the existing genotype or al
lelic frequency. After error introduction, we employed the 
ASRgenomics R package (Gezan et al. 2022) for quality filtering 
of M by applying a minor allele frequency threshold of 0.05. 
Under Scenario 2, where allele frequencies remain unchanged, 
approximately 5% of loci are expected to be removed, consistent 
with the initial uniform frequency distribution. In Scenarios 1 
and 3, the introduced error tends to increase allele frequencies 
at rare loci (Table 1), reducing the number of loci falling below 
the threshold. Therefore, across all scenarios, the reduction of M 
due to filtering is at most 5%, and typically less in Scenarios 1 
and 3 depending on the error rate ε.

Genetic evaluation
To estimate the h2, we utilized the G matrix within a univariate 
mixed model implemented in the rrBLUP R package (Endelman 
2011). The mixed model fitted by the restricted maximum likeli
hood (REML) is

y = μ1 + a + e (4) 

where a ∼ N (0, σ2
aG), e ∼ N (0, σ2

e I), and σ2
e is the environmental 

variance. Specific G matrices were constructed to correspond to 
the respective errors introduced to the marker matrix M. The es

timate of h2 was derived from the variance components as 

σ̂2
a/ (σ̂2

a + σ̂2
e ). We then compared ĥ2 with true (simulated) counter

parts. To evaluate the effect of erroneous M on the ranking of 

individuals, we computed Spearman’s rank correlation coefficient 
(ρ) between the true additive genetic values and their estimates.

Results
Irrespective of the scenario, we observed a substantial bias intro
duced by the error in M. As Fig. 1 illustrates, when no error is pre
sent (ε = 0 on the X-axes), there is a downward bias in h2 estimates 
due to low SNP density, which is most pronounced at h2 = 0.6. This 
bias diminishes with increasing marker density, becoming statis
tically insignificant (α = 0.05) at a density of 50 SNPs per cM. 
Introducing the error (ε > 0 on the X-axes) results in a significant 
bias that follows a third-degree polynomial relationship with ε. 
Even at low error levels (2% − 5%), h2 is consistently overesti
mated, particularly at high marker densities (≈ 50 markers/cM). 
The magnitude of this bias is strongly influenced by ε, SNP density, 
and h2 levels.

In Scenario 1, ĥ2 exhibits significant instability at a high marker 
density of 50 markers/cM, also following a cubic polynomial rela
tionship with increasing ε. This instability contrasts with 
Scenarios 2 and 3 (Figs. 2 and 3), where bias remains minimal 
for ε ≤ 0.2 and marker densities below 12.5 markers/cM. 
Scenario 1 demonstrates an upward bias that emerges more rap
idly compared to Scenarios 2 and 3 and reaches the upper limit of 
h2, followed by a sharp decline. Interestingly, Scenario 1 shows a 
subsequent upward trend in ĥ2 values after they approach 0 at 
ε = 0.8, a pattern absent in Scenarios 2 and 3. The rank correlation 
coefficient ρ, reflecting the ranking of individuals based on 
additive genetic values, is also significantly impacted 
(Supplementary Figs. 1–3). In Scenario 1, ρ consistently declines 
and stabilizes at high marker densities. However, the decline in 
ρ is slower in Scenario 2 compared to Scenario 3, exhibiting dis
tinct patterns of bias.

At the highest marker density under Scenario 1, the upward 
bias peaks at ĥ2 ≈ 0.53 for ε = 0.4, decreases to ĥ2 ≈ 0.1 at ε = 0.8, 
and then rises again to ĥ2 ≈ 0.54. A similar trend is observed at 
h2 = 0.6. Notably, the differences between Scenario 2 and 3 are 
comparatively less pronounced, suggesting more similarity in 
the underlying factors driving their behavior (the error type). In 
contrast, Scenario 1 stands out with more pronounced biases 
and the rapid upward bias at high ε values. These findings high
light the substantial impact of even minor genotyping errors on 
the accuracy of ĥ2, particularly under conditions characterized 
by high marker density.

To assess the robustness of our findings to founder population 
size, we performed an additional simulation under Scenario 2 

Table 1. Incorporation of error into the matrix M.

Error Scenario Genotype → A1A1 → A1A2 → A2A2

A1A1 0 2/3 1/3
1: Directional genotype 

perturbation
A1A2 1/3 1/3 1/3

A2A2 1/3 2/3 0
2: HWE redraw ∀ (1 − pi)

2 2pi(1 − pi) p2
i

3: Uniform redraw ∀ 1/3 1/3 1/3

The table presents the probabilities of substituting specific elements of M under 
each of the three error scenarios (column 1). In Scenario 1, the probabilities 
depend on the existing genotypes, as listed in column 2. The error corresponds 
to redrawing the genotype uniformly at random from the full set 
{A1A1, A1A2, A2A2}. This definition allows the possibility that the resampled 
genotype coincides with the original one (e.g. A1A2 → A1A2). In Scenario 2, 
substitution probabilities are based on the allelic frequency pi in the ith locus. 
These probabilities are independent of the original genotype in M. In Scenario 3, 
substitution probabilities are uniform across all elements of M.
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with 1,000 founders. The bias pattern of h2 as a function of error 
closely resembled that observed with 5,000 founders, consistent 
with mathematical expectations (Supplementary Fig. 4). To evalu
ate the role of genetic architecture, we repeated the analysis un
der Scenario 2 with 50 QTLs instead of 300. The resulting bias 
pattern was again consistent with the 300-QTL setting 
(Supplementary Fig. 5).

Regardless of the scenario, the ĥ2 showed no statistically sig
nificant differences when G was calculated using method 2 
(Equation 3).

Mathematical reasoning
Here, we attempt to interpret the bias pattern presented in Figs. 1–3. 
We begin by focusing on the results corresponding to the highest 
marker density tested, i.e. 50 markers per cM to isolate the explan
ation from the additional sources of bias associated with lower 
marker densities. We will address this additional bias in a later 
part of this section.

Recall that the elements of matrix M, prior to the introduction 
of error, represent the true genotypes for m biallelic loci across n 
individuals. Let x = (Xi ∈ −1, 0, 1) denote a general column vector 
of M, where i = 1, . . . , m refers to the marker loci.

Then M∗ = (m∗ij) represents an erroneous alternative to M. Each 
element X∗i is obtained by perturbing Xi. For each genotype entry, 
we introduce an error indicator Z ∼ Bernoulli(ε). If Z = 0, the entry 

is unchanged (X∗ = X). If Z = 1, the entry is redrawn from the ker
nel in Table 1 (Scenario 1–3). Thus X∗ ∈ { − 1, 0, 1} and ε ∈ [0, 1] is 
the proportion of altered elements introduced earlier. 
Accordingly, using Equation (1), the matrix G∗ is derived from M∗.

Estimation of variance components using REML
The aim of the REML analysis is to optimize σ̂2

a and σ̂2
e to best match 

the model covariance matrix V = σ2
aG + σ2

e I with its empirical 
phenotypic covariance counterpart S = yy⊺.

In REML analysis, two equations are solved: one for the total 
variance (mean diagonal element)

1
n

tr(V) =
1
n

tr(S) (5) 

and one for the covariance (mean off-diagonal element):

1
n(n − 1)

􏽘

i≠j

Vij =
1

n(n − 1)

􏽘

i≠j

Sij (6) 

(a derivation provided in Supplementary Material A).
Given the above structure of V and S and utilizing Equations (5) 

and (6), the following holds

σ2
ad̅
∗ + σ2

e = C1 (7) 

σ2
a δ̅∗off = C2 (8) 

Fig. 1. Scenario 1 (substitution based on existing genotypes). The top row represents true h2 = 0.2, and the bottom row true h2 = 0.6. From left to right, 
graphs correspond to SNP densities of 6.25, 12.5, and 50 SNPs per cM. The X-axis indicates the percentage of modified genotypes (ε); the Y-axis shows h2, 
with mean values across 100 replicates connected by dotted lines and 95% confidence intervals. Estimates assuming error-free G are represented by the 
lines parallel to the X-axis, while estimates based on erroneous G∗ are represented by the lines exhibiting a polynomial bias pattern.
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where d̅
∗ = 1

n tr(G∗) (average diagonal element G∗), δ̅∗off = 
1

n(n−1)

􏽐
i≠j G∗ij (average off-diagonal element G∗), and C1, C2 are con

stants derived from S. Errors in G∗ influence d̅
∗

and ̅δ∗off , which dis

tort both σ̂2
a and σ̂2

e and consequently ĥ2.

Impact of genotyping error
G∗ is influenced by M∗, following VanRaden’s reasoning (Equation 1). 
Consequently, for all scenarios, three characteristics must be de
termined: expected value, variance, and covariance (Table 2). 
The expected value influences the centering of G∗, variance im
pacts its diagonal elements, and covariance affects its off-diagonal 
elements.

Utilizing Equations (7) and (8), ĥ2 can then be expressed as

ĥ2(ε) =
σ̂2

a(ε)
σ̂2

a(ε) + σ̂2
e (ε)

=

C2

δ̅∗off

C2

δ̅∗off

+ C1 −
C2d̅

∗

δ̅∗off

􏼠 􏼡 (9) 

Let us assume that the ratio of the average diagonal and off- 
diagonal elements is a function of the error (ε), such as

κ(ε) =
d̅
∗

δ̅∗off

(10) 

Next, we introduce γ = C1
C2

, therefore

ĥ2(ε) =

1

δ̅∗off
1

δ̅∗off

+ γ − κ(ε)
( 􏼁

=
1

γδ̅∗off + (1 − d̅
∗
)

(11) 

From the relationships above, it is clear that the effect of the error 

ε on ĥ2 can be assessed by examining the changes in the mean va

lues of the diagonal and off-diagonal elements of the matrix G∗(ε), 
particularly from their ratio. It follows from Equation (11) that for 

a sufficiently high marker density and small errors (ε ≪ 1), where 

d̅
∗ ≈ 1 and γ ≈ const., the following holds

ĥ2(ε) ≈
1

γδ̅∗off

(12) 

From Table 2 and the derivation in Supplementary Material B, 

the off-diagonal elements of the matrix G∗(ε) can be 

approximated as

δ̅∗off ≈ (1 − ε)2δ̅off (13) 

It is clear that REML increasingly overestimates h2 as the error ε 
grows, which is a key finding. Based on Table 2 and the derivation 
in Supplementary Material B, we conclude that when ε is not small 

Fig. 2. Scenario 2 (substitution based on H-W frequencies). The top row represents true h2 = 0.2, and the bottom row true h2 = 0.6. From left to right, 
graphs correspond to SNP densities of 6.25, 12.5, and 50 SNPs per cM. The X-axis indicates the percentage of modified genotypes (ε); the Y-axis shows h2, 
with mean values across 100 replicates connected by dotted lines and 95% confidence intervals. Estimates assuming error-free G are represented by the 
lines parallel to the X-axis, while estimates based on erroneous G∗ are represented by the lines exhibiting a polynomial bias pattern.
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the term κ(ε) becomes relevant and further contributes to 

the inflation of h2. We note that one of the conclusions in 

Supplementary Material B is the importance of considering mark

er density and incorporating it into the estimates, as shown in the 

approach described in the section Impact of marker density.
However, this increase cannot be unlimited. The reason lies in 

the solvability of the system of Equations (7) and (8). If σ2
a increases 

too much (due to a decrease in δ̅∗off ), then σ2
e would become nega

tive, which is inadmissible. REML, as an optimization method, 
therefore constrains σ2

a to ensure that σ2
e ≥ 0. This explains why 

h2 estimates in all scenarios reach their maximum at ε = 0.5 at 
the latest.

With further increases in ε, a collapse of covariance occurs in 
all scenarios (δ̅∗off → 0). Information about the relatedness of indi
viduals disappears, and h2 → 0. At ε = 1, a singular solution to the 
system of Equations (7) and (8) arises, where ĥ2 = 0 or ĥ2 = 1.

Impact of marker density
Denser marker coverage across all scenarios (Figs. 1–3) increases 
the sensitivity of ĥ2 to ε. In particular, the initial rise of ĥ2(ε) is 
not as profound under low marker density. Thus, the density of 
marker coverage partly compensates for the distortion caused 
by introducing the error. This effect can be explained by the inter
action between marker density (m) and genotyping errors (ε). Let 
us assume that

ĝij(m) = gij · λ(m) + ηij (14) 

where 

• gij is true genetic relationship between individuals i, j,

• ĝij(m) is the respective estimated genetic relationship utiliz

ing m marker loci,

Fig. 3. Scenario 3 (uniform substitution probabilities). The top row represents true h2 = 0.2, and the bottom row true h2 = 0.6. From left to right, graphs 
correspond to SNP densities of 6.25, 12.5, and 50 SNPs per cM. The X-axis indicates the percentage of modified genotypes (ε); the Y-axis shows h2, with 
mean values across 100 replicates connected by dotted lines and 95% confidence intervals. Estimates assuming error-free G are represented by the lines 
parallel to the X-axis, while estimates based on erroneous G∗ are represented by the lines exhibiting a polynomial bias pattern.

Table 2. Expected values, variances, and covariances of the three scenarios.

Scenario E[X∗i ] Var[X∗i ] Cov[X∗i , X∗j ]

1 2pi − 1 + 4ε
3 (1 − 2pi) 2pi(1 − pi) + ε[ 2

3 − 2pi(1 − pi)] + ε(1 − ε)(2pi − 1)2 (1 − ε)2Cov[Xi, Xj]
2 2pi − 1 2pi(1 − pi) (1 − ε)2Cov[Xi, Xj]
3 (2pi − 1)(1 − ε) (1 − ε)2pi(1 − pi) + 2

3 ε + ε(1 − ε)(2pi − 1)2 (1 − ε)2Cov[Xi, Xj]

pi is the allelic frequency, and ε is the proportion of altered elements in M.
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• λ(m) captures marker efficiency (0 < λ(m) < 1 and 
limm→∞λ(m) = 1), quantifying how well a given number of 
markers capture true genetic relationships. It ranges from 0 
(no markers) to 1 (infinitely many markers) and reflects 
marker quantity rather than genotyping error,

• ηij represents noise, ηij ∼ N (0, σ2
η ).

The expected mean value of the off-diagonal elements of matrix G 
can then be expressed as

E[δoff (m)] = λ(m) · δ̅off (∞) (15) 

Marker density (m) together with ε (using Equation 13) has the fol
lowing influence on the ratio κ(ε, m)

κ(ε, m) =
d̅
∗

(1 − ε)2 · λ(m) · δ̅off (∞)
(16) 

Equations (15) and (16) show clearly that the smaller λ(m), mean
ing the lower the efficiency of marker coverage, the more quickly 
the mean value of off-diagonal elements of G∗ will decrease, while 
the ratio κ(ε, m) will increase. The effect described above will arise 

even sooner because REML limits σ̂2
a so that σ̂2

e ≥ 0. As a result, any 

increase in ĥ2 is restricted or even eliminated by the rapid decline 
in covariance. Even when ε = 0 and the diagonal remains stable 

(d̅ ≈ 1) we can write

κ(0, m) =
d̅

δ̅off (m)
=

1
λ(m) · δ̅off (∞)

>
1

δ̅off (∞)
= κ(0, ∞) (17) 

REML then compensates for the higher κ by overestimating σ2
e , 

which leads to the underestimation of h2 corresponding to the G 
matrix without noise; see Figs. 1–3.

We can therefore conclude that marker panels with low density 
are more robust to errors (ε < 0.1), yet they systematically under
estimate h2 because λ(m) < 1. Marker panels with high-density de
liver an accurate estimate of h2 when ε = 0, but even small errors 
(ε > 0.01) lead to an overestimation of h2.

Discussion
Consistent with earlier studies, our simulations show that SNP 
marker density strongly affects genomic prediction accuracy be
cause dense panels tag causal variants more effectively and yield 
more reliable genomic relationship estimates (Lee et al. 2011; 
Wang J 2018; Dufflocq et al. 2019; Akbarpour et al. 2021; 
Khalilisamani et al. 2021). Our novel finding, focusing exclusively 
on h2, is a pronounced nonlinear bias in h2 when G is computed 
from erroneous SNP marker data; this distortion increases with 
marker density. Even low error rates can therefore skew h2 

estimates.
The three stylized error kernels adopted in our simulations 

were chosen to bracket the main classes of mistakes observed in 
real SNP datasets. (i) Directional genotype perturbation preferen
tially replaces the resident homozygote with the alternative allele. 
It therefore mirrors chemistry-specific base-calling errors and al
lele dropout that favor transitions over transversions, as well as 
cluster mis-centering on array platforms. (ii) HWE redraw pre
serves the locus-specific allele frequency while breaking genotype 
co-segregation, emulating imputation or phasing tools that re
draw uncertain calls from population priors and quality control 
(QC) scripts that “heal” Mendelian inconsistencies by frequency- 

based relabeling. (iii) Uniform redraw assigns each genotype class 
with equal probability, representing nonsystematic mistakes such 
as barcode cross-talk, sample swaps, or low-level contamination 
that randomize genotype calls irrespective of allele frequency. 
Modeling these three kernels allows us to disentangle the effects 
of directional miscoding, frequency-preserving uncertainty, and 
purely stochastic noise, thereby providing lower- and upper- 
bound benchmarks for the distortions likely to arise in sequencing 
or array data.

In plain terms, the algebra shows that REML balances two sum
maries of the genomic relationship matrix G: the mean of its diag
onal and off-diagonal elements. When a fraction ε of genotype 
calls is wrong, the diagonals are minimally affected, but every er
ror diminishes the off-diagonals by roughly (1 − ε)2. REML “res
cues” this lost covariance by inflating the additive variance 
estimate, and because the shrinkage is multiplicative, even a 
small error (ε ≈ 2 − 5%) can drive ĥ2 noticeably upward, especially 
with dense SNP panels where the diagonals are already close to 
their maximum. Inflation peaks around ε = 0.3 to 0.5; beyond 
that point, the relatedness information collapses and REML 
must shrink the additive term, forcing ĥ2 toward zero. This ratio 
effect explains the response curves in Figs. 1–3, the sharper bias 
under the directional genotype perturbation (where diagonals 
rise while off-diagonals fall), and the contrasting downward bias 
in sparse panels, where causal variants are under-tagged regard
less of error. Low-density marker panels are robust to errors below 
0.1 but systematically underestimate h2, whereas high-density 
panels estimate h2 accurately only when error is zero and begin 
to overestimate it at error levels as low as ε ≈ 0.01.

Mitigating genotyping error in SNP data requires a truly 
end-to-end strategy that spans wet-lab practice, sequencing 
chemistry, and downstream bioinformatics. At the experimental 
stage, limiting freeze–thaw cycles, enforcing clean-bench work
flows during DNA extraction, and quantifying nucleic acids with 
high-precision fluorometric assays (e.g. Qubit) minimize degrad
ation and concentration bias. Library preparation artefacts can 
be reduced by employing high-fidelity polymerases and thermo
cycling protocols validated for even coverage (Aird et al. 2011; 
Laehnemann et al. 2016). Once sequence data are generated, pan- 
genome or population-specific references have proven effective at 
rescuing reads that deviate markedly from a single linear refer
ence, thereby improving variant recall and genotype accuracy 
(Clevenger et al. 2015). Routine quality control filters, including 
replicate concordance, scans for deviations from HWE, trio-based 
Mendelian checks, and manual inspection of genotype clusters, 
remain indispensable, especially for large cohorts (Bonin et al. 
2004; Hosking et al. 2004; Guo et al. 2014).

Long-read platforms such as Oxford Nanopore and PacBio HiFi 
now approach Illumina-like single-base accuracy when coupled 
with short-read polishing, enabling orthogonal confirmation of 
complex variants (Wenger et al. 2019). In particular, recent ad
vances in PacBio HiFi technology, which generates highly accurate 
(>99.9%) circular consensus sequencing (CCS) reads by repeatedly 
sequencing the same molecule, have reduced the need for short- 
read polishing altogether. HiFi reads combine the benefits of long 
reads, such as resolving structural variants, spanning repetitive 
regions, and enabling haplotype phasing, with the high accuracy 
previously restricted to short-read platforms, thereby supporting 
de novo assembly, variant calling, and epigenetic profiling with
out hybrid data. Machine-learning variant callers (DeepVariant, 
Clair, PEPPER–Margin–DeepVariant) further boost single nucleo
tide and indel precision in repetitive or GC-rich regions (Poplin 
et al. 2018; Shafin et al. 2021). Graph-based reference genomes 
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and unique molecular identifiers (UMIs) add complementary 
layers of error suppression by lowering mapping bias and permit
ting molecule-level consensus calling (Paten et al. 2017; Rakocevic 
et al. 2019). Finally, next-generation SNP arrays that incorporate 
rare alleles and multi-ethnic tag variants improve cross- 
population imputation accuracy, mitigating the minor allele 
biases (Bycroft et al. 2018). Taken together, these laboratory and 
computational advances, when combined with strong QC pipe
lines, can help lower the latent error rate. At the same time, it is 
important to note that not all variant classes benefit equally 
from these improvements. Low-pass sequencing SNPs and struc
tural variants often have higher calling error, and our findings 
suggest that such errors could contribute to inflated h2 estimates. 
This may explain observations where including structural var
iants, despite their lower calling accuracy, led to higher h2 esti
mates in prediction models (Derks et al. 2025).

We modeled a single additive trait in an ideal, randomly mating 
population to gain clearer mathematical insight into how geno
type miscoding alone distorts the G matrix and the h2 estimates. 
Other factors worth exploring include nonrandom mating, nonad
ditive genetic effects, maternal effects, genotype-by-environment 
covariance and interaction, sexual dimorphism, and selection 
(Lynch and Walsh 1998). While our three kernels span directional, 
frequency-preserving, and purely random miscoding, they do not 
capture block-level or allele-specific dropout errors common in 
low-coverage sequencing and copy number variation (CNV)-rich 
regions; such errors could exacerbate the distortions we report 
and merit separate investigation. For the current dataset size, 
we employed the rrBLUP R package (Endelman 2011), which im
plements a standard REML-based variance component estimation 
approach (Kang et al. 2008). Comparable REML-based estimates 
would be expected from other widely used tools such as GCTA 
(Yang et al. 2011) or ASReml (Butler et al. 2023). Our simulations 
used 1,000 individuals and up to 20,000 SNPs, a scale chosen delib
erately to balance clarity and computational feasibility. At 50  
SNPs per cM with 1,000 offspring, the downward bias observed 
at lower marker densities disappears, yielding unbiased estimates 
in the absence of error. This reference point allowed us to isolate 
the effect of erroneous markers. Scaling up to larger populations 
or denser marker panels would not change these qualitative pat
terns, as demonstrated by the accompanying mathematical 
derivations.

In summary, our results show that even a residual two per
cent miscoding rate can significantly bias h2; upcoming marker- 
based analyzes therefore need to move beyond the assumption 
of error-free genotypes. Analytical remedies, which merit fur
ther research, include (i) robust construction of the G matrix, 
for example by winsorizing extreme off-diagonal elements and 
scaling diagonals by their median; (ii) likelihood-based analyzes 
that weight loci by genotype certainty or embed a Bayesian prior 
for miscoding; (iii) approaches that bypass G altogether, such 
as LD adjusted REML or regressions with Huber or other 
M-estimators; and (iv) simulation-guided correction that maps 
bias as a function of marker density and error, coupled with ex
plicit error imputation.
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