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Introduction

Phenotyping is essential to genetic evaluation since the reliability of estimated breeding values
(EBV) hinges on both the accuracy and the volume of trait records available. However, routine
phenotyping is challenging, especially for traits that are expensive or invasive to measure,
require destructive sampling, or only express late in life. Vision-based phenotyping offers a
scalable alternative by extracting visually discernible features from images or video that
correlate with the target traits, enabling high-throughput, non-invasive approximation to
ground-truth phenotypes. Computer vision models often rely on machine learning and therefore
require strict train-test separation, with test data used only once to evaluate whether models
generalize well to unseen data. However, this introduces challenges. Many models require large
training datasets, but for traits that are difficult to measure, available data is often limited. Even
when test accuracy closely matches training accuracy, small disparities between predicted and
true phenotypes may still influence EBV and alter rankings. Previous studies have examined
the effects of different computer vision approaches on phenotypic prediction accuracy and
downstream genetic analysis (Gebreyesus et al., 2023; Bi et al., 2025), but the extent to which
EBV and its ranking are affected remains unclear. We aim to investigate how discrepancies
between true and predicted phenotypes generated by computer vision models affect EBV
estimation and ranking under controlled simulation scenarios.

Methods

Estimated breeding values were simulated using pedigree-based genetic evaluation. Key
parameters varied in the simulation included trait heritability, the ratio of training to testing
data, and phenotypic prediction accuracy in both training and testing sets. The simulation was
conducted in R (version 4.5.3) with packages MASS, Matrix, pedigreemm, and rrBLUP.

Simulation of Breeding Population. A breeding program was simulated over five generations.
The founder population (generation 0) consisted of 100 sires and 100 dams, resulting in 200
unrelated individuals. Each mating produced two offspring, with sex assigned randomly and
equal probability, maintaining a relatively stable population size. Subsequent generations (1-
5) were generated through random mating among all individuals from the previous generation,
with no selection applied. The simulated population consisted of approximately 1,200 animals.

Genetic Architecture. The simulated trait was controlled by 500 biallelic quantitative trait loci
(QTL) with additive effects. Founder haplotypes were generated independently for each
individual. Allele effects at each QTL were drawn from a normal distribution for each
haplotype, to ensure the total genetic variance in the founder population approximated the
target heritability. Mendelian inheritance was simulated by randomly sampling one haplotype
from each parent at each QTL, assuming free recombination and no linkage among loci.
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True Breeding Values and Phenotype. True breeding values (TBVs) were calculated as the
sum of allelic effects across all QTL for each individual. To maintain constant genetic variance
across generations, TBVs were standardized to have a mean of zero and a variance equal to
heritability. Phenotypes were generated by adding environmental effects to TBVs.

Genetic model. Breeding values were estimated using a pedigree-based animal model
implemented via Best Linear Unbiased Prediction (BLUP). The linear mixed model was
specified as:

y=pt+tZate (1)
where y is the vector of phenotypic observations, p is the overall mean, a is the vector of
additive genetic effects ~ N (0, Ac2), where A is the relationship matrix and 6?2 is the additive
genetic variance, and Z is the design matrix that relate observations to the additive genetic
effect, and e is the vector of random residual effects ~ N(0, I62), where I is an identity matrix
and o2 is the residual variance. The additive genetic relationship matrix (A) was constructed
from the simulated pedigree and used to assess the estimated breeding values (EBVs). EBVs
were obtained by solving the mixed model equations:

X'X X'Z o _ Xy

ZX ZZ+ A‘ll] [ﬁ] B [Z’y] &
where X is a vector of ones and A = 62/02.

Phenotypic prediction accuracy. To assess the impact of prediction accuracy on EBVs
ranking, predicted phenotypes were simulated. Predicted phenotypes (P) were generated from
true phenotypes (P) according to:

P=P+¢ (3)
where &~ N (0, 62) and 0,= 0p+/(1 —1r2) is the noise added to true phenotypes, gp is the
standard deviation of true phenotypes and 7 is the correlation coefficient (prediction accuracy)
between true and predicted phenotypes.

Simulation Parameters. All simulations were conducted in R version 4.5.1. Each scenario
was replicated multiple times, and results were summarized as means across replicates.

Comparison of Rankings. Ranking agreement between EBVs derived from true and predicted
phenotypes was assessed using Top K overlap and Kendall’s tau correlation coefficient. Top
K overlap quantified the proportion of individuals shared between the top K positions of two
rankings, where K corresponded to intensities of 5%, 10%, 20%, and 50%. For rankings R: and
Rz, overlap was calculated as:

[S1(K) N Sz(K)|/ K x 100% 4)
where Si(K) and S2(K) represent the sets of K top-ranked individuals. Kendall's tau (t) was
calculated:

=(C - D)/(C + D) (5)
where C and D are the numbers of concordant and discordant pairs, respectively. Top K overlap
captures ranking changes at specific selection intensities, while Kendall’s tau provides a global
measure of rank agreement.

Results

Impact of heritability and phenotypic prediction. Table 1 summarizes the extent of EBVs
re-ranking under different combinations of heritability and phenotypic prediction accuracy.
Across scenarios, the Top 20% overlap remained relatively high, even at low heritability and
when test accuracy was substantially lower than training accuracy, a potential indicator of



overfitting. Differences in heritability had little effect on the Top 20% overlap or on overall
ranking agreement. In contrast, phenotypic prediction accuracy had a stronger effect on ranking
stability. Even at high prediction accuracy, moderate levels of re-ranking were observed, as
reflected by Kendall’s tau values, indicating sensitivity of EBV rankings to small prediction
errors.

Table 1. Comparison of ranking agreements between EBVs derived from true and predicted
phenotypes under different heritability, train and test accuracy. The train and test ratio of 7: 3
was applied for all results.

Heritability = Training accuracy  Test accuracy  Top 20% overlap  Kendall's tau

0.92 0.89 0.77 0.78
0.7 0.92 0.6 0.82 0.73
0.6 0.4 0.61 0.59
03 0.92 0.89 0.81 0.77
0.6 0.4 0.64 0.57

Impact of generations. Figures 1 and 2 illustrate Top 5%, 10%, 20%, and 50% overlap across
generations under two data-splitting strategies. When training and testing data were randomly
sampled across all generations (Figure 1), ranking overlap was relatively consistent within
generations, especially at higher prediction accuracy. In contrast, when earlier generations were
used exclusively for training and later generations for testing (Figure 2), ranking agreement
decreased, especially at lower prediction accuracy. The reduction in overlap was most
pronounced for the lowest selection thresholds (Top 5%), reflecting increased instability
among elite rankings when limited offspring information was available.
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Figure 1. Heatmap describing top 5%, 10%, 20% and 50% overlap within each generation, when
data split (train: test ratio = 7: 3) was on all generations data combined. Left: heritability = 0.7, train
accuracy = 0.92, test accuracy = 0.89; Right: heritability = 0.3, train accuracy = 0.6, test accuracy =
0.4.
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Figure 2. Heatmap describing top 5%, 10%, 20% and 50% overlap within each generation, when
generation 0 and 1 were used as training set and the rest as test set (train: test ratio = 2: 3). Left:
heritability = 0.7, train accuracy = 0.92, test accuracy = 0.89; Right: heritability = 0.3, train accuracy
= 0.6, test accuracy = 0.4.



Discussion

This abstract presents preliminary results from an ongoing study to evaluate whether vision-
based phenotyping is suitable for selective breeding programs, with a particular focus on EBVs
and their ranking consistency. Several interesting points emerge from the simulations.

First, EBV re-ranking appears unavoidable when predicted phenotypes replace true
measurements. Although improving prediction accuracy generally reduces ranking instability,
even high levels of accuracy do not eliminate re-ranking entirely. This effect is especially
evident among individuals whose EBVs are close to zero, where small changes in phenotypes
can lead to substantial changes in rank. Consequently, increasing phenotypic prediction
accuracy alone may not always be the most effective strategy for improving selection decisions.
Despite this, ranking among elite individuals was relatively robust. Across scenarios, the Top
20% of animals maintained high overlap even under lower heritability or presumably
overfitting conditions. While the simulated heritability of 0.7 is higher than what is typically
observed for many traits, vision-based phenotyping has the potential to reduce environmental
variance and thereby increase effective heritability. These results suggest a trade-off between
phenotypic prediction accuracy and heritability that directly influences EBV ranking stability.
Similar trade-offs have been widely studied in genomic prediction through repeatability, but
they have not been explicitly explored in the context of vision-based phenotypic prediction.
Second, data availability and population structure play a critical role in ranking stability. When
ranking comparisons were made across generations, particularly when training data were
restricted to early generations, ranking agreement declined. However, such a decline, especially
in Top 5%, can fluctuate given the small size of the simulated population. Nevertheless, this
highlights the importance of genetic relationships and the availability of information from
relatives. In several scenarios, genetic relationships contributed more to ranking stability than
either heritability or prediction accuracy alone. From a practical perspective, exploiting
pedigree or genomic relationships may be more cost-effective and accessible than marginal
improvements in vision-based model performance, especially for data-greedy algorithms.
This study will be continued with several improvements. First, simulation with more realistic
breeding scenarios, with a particular emphasis on cattle and fish populations. This also include
the use of genomic information through GBLUP and increased replication across parameter
settings. Afterwards, validation using real fish image data collected from breeding program.
The goal of this study is to support practical guidelines for integrating vision-based
phenotyping as a high-throughput alternative to manual measurements while maintaining
reliable and consistent selection decisions.

Conclusions

Vision-based phenotypic prediction unavoidably influences ranking through its impact on
estimated breeding values, while improving its performance relative to the trait’s heritability
could increase the robustness of ranking for selective breeding. These findings emphasize the
need for evaluation metrics for vision-based phenotyping systems in breeding contexts, where
consistent selection decisions are critical.
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