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REALIZED HERITABILITY IN PANMICTIC POPULATIONS

Lstibůrek M., Bittner V., Hodge G.R., Picek J., & Mackay T.F. (2018). Estimating realized heritability 
in panmictic populations. Genetics 208(1): 89-95.
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Using the same reasoning, but what if the 
narrow-sense heritability is unknown, i.e.
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For demonstration purposes, we used F. Galton's 
human height data. The dataset contains 205 
families with the adult heights of parents and 
offspring (934 offspring, with family sizes ranging 
from 1 to 15).

Galton F. (1886). Regression towards mediocrity in hereditary 
stature. J. Anthropol. Inst. G. B. Irel. 15: 246–263.

https://en.wikipedia.org/wiki/Karl_Pearson
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1. Estimates of the phenotypic mean and 
variance in P and F1.

2. Random sample of offspring in truncated area 
of F1 (>0.5 SE), 278 out of 934.

3. Determination, if their parent(s) originate 
in the equivalent truncated area of P.
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Lstibůrek M., Bittner V., Hodge G.R., Picek J., & Mackay T.F. (2018). Estimating realized heritability 
in panmictic populations. Genetics 208(1): 89-95.
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PEstimated ℎ2 = 0.71 - 0.73, statistically 
equivalent to linear regression.
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„Under the assumptions of Hardy-Weinberg 
equilibrium, the h2 of a quantitative trait in 
a given population is directly related to the 
likelihood of a phenotypic subset of parents 
passing their respective alleles onto the 
corresponding phenotypic subset of offspring.“
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IMPACT OF ERRONEOUS MARKERS ON HERITABILITY

Sagariya C., Bittner V., Pook T., Roy A., Lstibůrek M. (2026). Impact of erroneous marker data on 
the accuracy of narrow-sense heritability. Genetics 232(1): iyaf230.







Population simulation
• Simulation Rationale: Used MoBPS software to create a known, error-free reference to 

systematically isolate and quantify the impact of genotyping errors.

• Genome Structure: Simulated 4 linkage groups (100 cM each) across three evenly spaced SNP 

marker densities (2,500, 5,000, and 20,000 markers).

• Trait Architecture: Modeled a single quantitative trait driven by 300 purely additive QTLs with 

uniformly distributed initial allele frequencies.

• Genetic Variance: Additive QTL effects were sampled from a normal distribution, with trait 

heritabilities set at 0.2 and 0.6.

• LD Generation: 5,000 unrelated founder individuals underwent 100 generations of random mating 

to establish realistic linkage disequilibrium.

• Final Population: 100 parents were randomly selected from the final generation and mated to 

produce a cohort of 1,000 offspring.



Genetic evaluation

To estimate the h2 , we utilized the G matrix within a univariate mixed model 
implemented in the rrBLUP R package (Endelman2011). 

The mixed model fitted by the restricted maximum likeli-hood (REML) 









Impact of genotyping error
Matrix Distortion: Genotyping errors alter the expected value, variance, and covariance of the 
genomic relationship matrix (G*), which distorts its centering, diagonal elements, and off-diagonal 
elements.
Covariance Shrinkage: The presence of genotyping error artificially shrinks the mean off-diagonal 
elements of the matrix (representing relatedness) by a factor of approximately (1 − 𝜖)2

The Ratio Effect: The ultimate distortion in heritability estimates is driven by how the error 
changes the ratio between the mean diagonal elements and the mean off-diagonal elements of
G*.
Heritability Inflation: To compensate for the lost covariance, REML overestimates the additive 
genetic variance, which leads to a systematic inflation of the heritability estimate.
Eventual Collapse: Heritability estimates peak by a 50% error rate at the latest; beyond this point, 
the relatedness information vanishes, and the REML method is forced to push ℎ2 estimate toward 
zero to prevent a mathematically inadmissible negative environmental variance.



Impact of marker density

Sensitivity Scales with Density: Using a denser marker coverage significantly increases the 
sensitivity of the heritability estimates to genotyping errors.
Marker Efficiency: The accuracy of the genetic relationship matrix is tied to a "marker efficiency" 
parameter 𝜆(𝑚), which quantifies how well a specific quantity of markers captures true genetic 
relationships, entirely independent of actual errors.
Sparse Panels Underestimate: Even under perfectly error-free conditions, low-density 
marker panels will systematically underestimate true heritability. 
The Ultimate Trade-off: Low-density panels are robust to errors up to roughly 10% but 
constantly underestimate heritability; conversely, high-density panels are perfectly accurate 
with zero error but begin to overestimate heritability at error rates as low as 1%.



GENOMIC RELATIONSHIP-BASED SELECTION OF 
UNRELATED INDIVIDUALS

Lstibůrek M., Bittner V., Solvin T., Korecký J., & Steffenrem A. (2026). Genomic relationship-based
selection of unrelated individuals. Under review.
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