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Cattle grow taller: Implications of outdated ordinal
scores for genetic evaluations and selection?

Xiao-Lin Wu,"** ® Allicia Horn,? ® Ezequiel Nicolazzi,’

and John B. Cole'**®

Abstract: In dairy cattle, conformation and linear-type traits are routinely recorded as categorical or ordinal phenotypes. Some traits origi-
nating from continuous biological measurements are discretized into categorical scores. These traits are moderately heritable and play
a crucial role in breeding programs, serving as indicators of longevity, fertility, and overall lifetime productivity. However, over time,
the underlying phenotypic distributions can evolve due to selection, management, and environmental changes. As a result, the mapping
between biological measurements and categorical scores may become obsolete. This paper investigates phenotypic distribution shifts
within ordinal scoring systems, using stature in Brown Swiss cattle as a case study. We present an analytical characterization of these
shifts and their genetic consequences. A simulation study based on a real pedigree was conducted to quantify the extent of these effects
and to explore methods for predicting these changes. The results emphasize periodic recalibration of threshold boundaries to keep the
ordinal scoring systems aligned with current population distributions and safeguard the validity of genetic improvement programs. We
anticipate that our findings will provide practical guidance for detecting, interpreting, and managing distributional shifts in categorical
phenotypes within structured genetic evaluation and selection programs.

In dairy breeding and management, ordinal (linear-type) scoring
provides a practically convenient and standardized framework
for describing morphological and structural traits across herds and
environments, typically on a 1 to 9 scale, with some systems ex-
tending to 50 or even 80 categories for finer discrimination. These
traits are generally moderately to highly heritable (Veerkamp and
Brotherstone, 1997; Manafiazar et al., 2016), serving as indirect
indicators of important functional traits such as longevity, fertility,
and overall lifetime productivity (VanRaden and Wiggans, 1995).

Linear scores are assigned according to well-defined biologi-
cal attributes or biometric features. However, some traits originate
from continuously measured variables that are subsequently trans-
formed into categorical scores. For example, stature is inherently
continuous but is routinely converted into a 1-9 scale, with each
unit representing a l-inch (in) interval. In the US Brown Swiss
Association (BSA; Beloit, WI), for instance, the intermediate score
of 5 corresponds to a stature of 56 in (142.24 ¢cm). Animals shorter
than 56 in receive scores from 1 (52 in) to 4 (55 in), whereas taller
animals are assigned scores from 6 (57 in) to 9 (60 in).

Over time, however, the phenotypic distributions of such traits
can shift. For example, modern cattle have become taller (Visscher
and Goddard, 2011), largely due to correlated selection responses.
Because height was rarely a primary breeding target, long-term
selection for milk yield, angularity, and overall type possibly led to
consistent upward drift in frame size. Height (stature) is correlated
with udder depth, which is in turn associated with improved ud-
der health. Taller cows carry their udders higher off the ground,
reducing the risk of intramammary infections from environmental
pathogens. In a recent survey of 5,279 Brown Swiss cows in 2024,

we observed a mean + SD stature score of 6.65 & 1.45, indicating
a clear upward shift in the underlying stature measurements, with
the central tendency moving from the intended midpoint of 5 to ap-
proximately 7 on the ordinal scale. To address this discrepancy, the
BSA announced a recalibration of the scoring system, raising all
stature thresholds by 2 in, effective in the April 2025 genetic evalu-
ation. This realignment of stature scores reflects current biological
reality; however, the broader implications of such shifts in pheno-
typic distributions have not yet been systematically evaluated.

When categorical scaling systems are incorporated into genetic
evaluations, key questions arise: How do phenotypic shifts in or-
dinal scores affect EBVs and heritability estimates? Furthermore,
what are the genetic and selection consequences of re-anchoring
the scoring scale? Therefore, the objectives of this study were to
investigate phenotypic distribution shifts in ordinal scoring sys-
tems, using stature in US Brown Swiss (BS) cattle as a case study.
We present an analytical framework to characterize these shifts and
evaluate their consequences on phenotypic distributions, genetic
evaluations, and selection outcomes.

First, how do ordinal scores change under a shifting phenotypic
distribution? Let y denote a vector of continuous trait values that
are later discretized into ordinal scores using the equal-interval
(EI) binning method, the standard approach adopted by the BSA.
Briefly, the EI approach divides the range of continuous phenotyp-
ic values into k ordered categories (bins) of equal width, with the
first and last bins defined as open-ended intervals to accommodate
extreme observations. The thresholds are defined as
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For individual i, an ordinal score (s;) is assigned as follows:
si=jifg <y;<g,forj=1,..  k

Here, 7; | and 7; define the lower and upper boundaries for the jth
bin.

Assume y, ~ N(,u,af),

where u is the population mean and Jf is the variance. The uncon-
ditional probability (Pr) of an observation falling into bin j is

p. = Pr(si :j):PI‘(T];l <y, <T.)
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where <I><) denotes the cumulative distribution function of the

standard normal distribution. The mean and variance of the ordinal
score are then given by

k
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For instance, let the current population mean be u = 58 in (147.32
cm) with SD of 6, = 1.87 in (4.75 cm). The 9 categories are defined
using a fixed 1-in interval for all bins except the first and the last
categories: 1 (y < 54.51n), 2 (545 <y <5551n),3 (555<y<
56.5in), 4 (56.5 <y <57.5in), 5 (57.5<y<58.51in), 6 (58.5<y
<59.5in), 7 (59.5<y<60.5 in), 8 (60.5 <y <61.51in), and 9 (y >
61.5 in). Here, the US customary units are retained for consistency
with industry reporting. Under y ~ N(58, 1.87%), the proportions
of observations falling in each group are approximately 3.06%
(groups 1 and 9), 5.95% (groups 2 or 8), 12.2% (groups 3 or 7),
18.2% (groups 4 or 6), and 21.2% (group 5). These proportions are
symmetric around the central category (group 5) and sum to 100%
(see the top-left panel of the Graphical Abstract).

Now, suppose the current scores resulted from shifting upward
from the outdated scores (denoted by sl*) by A =2 in (5.08 cm).
Equivalently, this corresponds to shifting all interior thresholds
downward by A=2 in (5.08 cm) while keeping the current continu-
ous phenotypic values fixed. The probability of an observation
falling into the jth category under the outdated scheme is

*

b;
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Applying these outdated thresholds yields the following propor-
tions of observations across the 9 categories: 0.16% (group 1),

0.64% (group 2), 2.26% (group 3), 5.95% (group 4), 12.2% (group
5), 18.2% (group 6), 21.2% (group 7), 18.2% (group 8), and 21.2%
(group 9). The downward-shifted thresholds thus lead to a dispro-
portionate accumulation of observations in higher score groups
(7-9), whereas lower groups (1-3) become sparsely populated (see
the top-middle panel of the Graphical Abstract).

When the thresholds are further downscaled by A =4 in (10.16
cm), the proportions of observations across the 9 categories be-
come 0.003%, 0.023%, 0.134%, 0.64%, 2.26%, 5.95%, 12.2%,
18.2%, and 60.6%, respectively. In this case, nearly two-thirds of
the population is clustered in the highest category, while the lower
categories become almost empty (see the top-right panel of the
Graphical Abstract).

Failing to recalibrate the scoring system periodically leads to se-
vere misalignment between ordinal scores and the underlying con-
tinuous phenotypes. The squared (and rank) correlations between
the ordinal scores and the true continuous phenotypes decrease
from 0.969-0.970 (0.987) for A = 0 (in) to 0.924-0.926 (0.983)
for A =2 (in), and then to 0.697-0.700 (0.879) for A =4 (in). The
sharp decline in both metrics demonstrates a substantial loss of
information and deterioration in phenotypic ranking accuracy as
scoring thresholds become outdated.

Secondly, how do phenotypic shifts influence genetic evalua-
tions? Consider the following linear animal model for the latent
continuous phenotype (y):

y=lu+tu+e. [5]

Here, 1 represents a vector of ones and u ~ N (0, Aai) is a vector
of additive genetic effects, where A is the numerator additive ge-
netic relationship matrix and ai is the additive genetic variance.
The residual vector e ~ N (0, IU?), with 03 denoting the residual

variance and I the identity matrix. The vectors u and e are assumed
to be mutually independent.

When fitting the same linear animal model to the ordinal scores
s, we write the following:

s=lus+u;+e, (6]

where u_ ~ N (0, Aai ) ande ~ N (0, I(rf ), with u, and e, mutu-

ally independent.

The link between the latent-scale « and the score-scale s can be
quantified analytically through the following best linear projection
(BLP):

si=a+pu;+r, [7]
where a and f are the intercept and regression coefficient, respec-
tively, and r; is a residual term with E(7;) = 0 and Cov(r;1;) = 0. The

BLP slope is defined by

B Cov(si,ui) .
h= Var(ui) ’ 18]

Define the conditional mean function:
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g(ul) = E(si | ul) = ijljpr(si =7 ul)
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Because s; depends on u; only through g(ul) =E (51, | ui), we have
Cov(si,ui) = Cov[g(ui),ui].

Stein’s lemma implies (Stein, 1956; Casella and Berger, 2002) that,
vmmm%~N@ﬁy

COV[Q(UJ,UZ.}:O'QE

Uu

9'(%)]7

and therefore

Differentiating g(u;) with respect to u; gives
1 k-1 | T, — W—1u,
(o) = 2 AR
9'(w) - ijb[ - ]

where ¢() is the standard normal probability density function
(PDF).
Taking expectation over u, ~ N (0, UZ) yields the Gaussian con-

volution:

Lo =040 [9]

1 k—1 Tj -
Y

B=Blg'(u) = I

Y

Intuitively, when averaging a Gaussian PDF evaluated at linearly
shifted arguments over a Gaussian random shift u, averaging
“smooths” the PDF by convolving the 2 normals, which simply

adds their variances: UZ = UZ + UZ, and the prefactor 1/, is the

new normalizing scale.
The BLP [7] induces a natural projection-based variance decom-
position on the score scale:

Var (31) = Var [E(g | u7)} + E[Var (57; | ul)] ~ 5203 + Jz.,
[10]

where Uf =Var (rz) Define the BLP-implied additive genetic
variance and BLP-implied residual variance on the ordinal scale as

o’ = Var [g(ul)] ~ Var (a + ,Bul.) = BQVar(ui) = Fo’;

N u’
[11]

Uf = E[Var ("’} | ul)] = Var(si) — ﬁchz. [12]

Hence, the projection-based heritability on the ordinal scale is

P 2 2
2 U g
h — s ~ U
T TVl
s s

[13]

The above approximation mappings depend on g, ai, 03, and {Tj},
but not on the structure of A. Thus, they provide a direct analytical
approach to predict how phenotypic shifts rescale the score-breed-
ing value relationship through f. However, the EBV precisions
(e.g., their prediction error variances) still depend on A and the
amount of information. These approximations are good as long as
the score has many categories (k is not too small) and thresholds
are not too extreme.

While these approximations are used in the present study, the
exact definitions are the following:

Varlg (v, = Elg (]~ {E[g (u)]}

where both expectations are one-dimensional Gaussian integrals,
typically computed by Gauss—Hermite quadrature or Monte Carlo.
Likewise,

Var (si#ui = u) = E[s?#ui = u] —g(u)?,

E[sf#ui = u] = zk;jz Pr(si = j#u, = u)

Pr(s, = jttu, = u) = 0| L0

where and

g g
e e

Now, consider downscaling the threshold by A > 0. Employing
the same BLP of s: on u;, the slope becomes

« 1 k=1
=,

T].—,u—A .

ag
Y

[14]

Similar to the expressions (11)—(13), the projected variances and
heritability under the downscaled thresholds are

[15]

[16]
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9] o

Var (s*) . 1)

The mean and variance of the ordinal scores under the downscaled
hresholds are E(s) = S~ jp’ and Var(s') = S~ 2" -
thresholds are (s ) = ijljpj an ar(s ) = Zj:1] p;

12
(s

As A increases, probability mass accumulates in the uppermost
category (ceiling effect), and both £ and Var(s") decrease toward
zero, leading to smaller score-scale heritability and reduced EBVs.

Rescaling the ordinal scores by a constant ¢ changes variance
components but not the heritability estimates. Let /= c¢s. The model
becomes

I=1p+u+e, [18]
where u;, u;, and e; denote the overall mean, additive genetic, and
residual effects on the rescaled ordinal scale. The rescaled vari-
ances are

Var (l) = *Var (s); [19]
2 292 2 2 2

T, R C B0, =c Ty [20]

2 2 2|_ 22
o, =¢ Var(s)faus}fcaes. [21]

However, heritabilities remain invariant under rescaling:
) 0202 05 )
hl:22 S22: 2 SQZhS' (22]
c U“s +co, o, +o,

s s Kl

A simulation study was conducted to quantify the effects of pheno-
typic distribution shifts on genetic evaluations. Simulated stature
records were generated for 5,141 animals, drawn from a subset of
BS cattle based on a real pedigree containing 12,909 unique indi-
viduals. The pedigree was truncated to 3 generations. Two alterna-
tive population means were used: 147.32 cm (58 in) and 142.24 cm
(56 in). An SD of 4.75 cm (1.87 in) was applied, ensuring a binning
width comparable to that used by the BSA. The mean of 147.32 cm
represents the newly updated BSA stature scoring system (denoted
as EI 1), whereas 142.24 cm represents the mean of the previous
scoring system (denoted as EI_0). For simplicity, the overall mean
was treated as the sole fixed effect, whereas the random effects
included additive genetic values and residuals. Heritability was set
to 0.43, as reported by Wiggans et al. (2004).

The 1-9 scores were subsequently rescaled to a 1-50 range by
multiplying by ¢ = 5, consistent with the evaluation scale used
by the Council on Dairy Cattle Breeding (CDCB, USA) for BS
cattle. Genetic evaluations were performed using an animal model
under various scenarios: MO (the baseline model): the continuous
stature measurements as phenotypes; M1A (A = 0), group means

on the continuous scale as phenotypes; M1B (A= 0), 5x 1-9 scores
derived without distribution as phenotypes; M2 (A = 2), 5x 1-9
scores with thresholds downscaled by A = 2 in as phenotypes; M3
(A = 4), 5% 1-9 scores with thresholds downscaled by A = 4 in
as phenotypes. Accordingly, models M2 and M3 represent the old
ordinal scoring systems, which are ineffectively updated (A = 2) or
not updated at all (A= 4).

Model parameters were estimated using Bayesian inference via
Markov chain Monte Carlo, assuming a flat prior for the overall
mean and scaled inverse chi-squared priors for genetic and residual
variances (Sorensen and Gianola, 2002). To minimize Monte Carlo
error, each model was replicated 10 times, and the posterior means
were averaged across replicates.

The baseline model MO yielded a heritability estimate of h* =
0.433 (Table 1), closely matching the simulated value (0.43). When
the ordinal scores were generated using thresholds consistent with
the current phenotypic distribution, the estimated heritability (h?
= 0.420-0.421) remained roughly consistent with the simulated
heritability, regardless of whether the population means or ordinal
scores were used as the phenotypes. However, when the scoring
system was incorrectly or not updated, as in the cases of M2B
(A = 2) and M3B (A = 4), the analyses produced systematically
underestimated variance components compared with those from
MIB (Table 1). In relative terms, the estimated genetic variance
contracted more sharply than the estimated residual variance, re-
ducing heritability to h> = 0.409 (M2B) and h? = 0.339 (M3B),
respectively.

In what follows, we illustrate how to predict the impacts of phe-

notypic shifts using BLP. For MO0: a; =22.7 cm?, 03 =10.0 cm?, 03

=13.1 em? and h? = L
10.0+13.1

exact category probabilities, the variance of the 1-9 scores is

~ 0.433 (Table 1). Using the

2
[ R 9 B =
Var (s) = ijlj P, - [Zj_l]pj] =28.39 — 5° ~ 3.39.
The BLP slope of 1-9 scores on genetic values (per cm) is

_ L8 0383,
475

1 i1 [T]- —p

B= U_yzj:1¢

g
Y

The projected variances on the 1-9 scale are then given using
Equations 15 and 16 aso’ = 30> =0.383> x10.0 ~ 1.4T;

0> =Var(s)— 8% = 3.39 — 1.47 ~ 1.92 (Table 2).
‘According to Equations 19 to 21, rescaling the 1-9 scores to 5x

(1-9) scores yields results comparable to those for MIB_A = 0
(Table 1): Var(5s) = 5" x3.39 & 84.7; 07 =5 x1.47 = 36.8;
5s

02 =5%x1.927 = 48.2. The projected heritability is

s

36.8

=——— ~0.434.
*36.8448.0

2
5
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Table 1. Variance components, heritability estimates, and rank correlations obtained under various scenarios'?*?

Model aj 02 af Sﬁ Sf h? P, o,

MO 22.7 (0.250) 10.0 (0.846) 13.1(0.708) 4.91 (0.620) 8.42(0.826) 0.433(0.033) 1(0) 0.717 (0.008)
M1A:A=0 22.0(0.254) 9.44 (0.951) 13.0 (0.798) 4.42 (0.728) 11.6 (0.788) 0.421 (0.039) 0.985 (0.001) 0.710 (0.007)
M1B:A=0 84.4 (0.489) 36.2 (3.05) 50.0 (2.94) 13.7 (1.97) 5.53(0.764) 0.420 (0.035) 0.985 (0.001) 0.710(0.007)
M2:A=2 70.0 (0.622) 29.2(2.78) 42.2 (2.49) 17.3(2.19) 458 (0.611) 0.409 (0.037) 0.963 (0.001) 0.698 (0.007)
M3:A=4 31.5(0.509) 10.9 (1.23) 21.3(1.04) 4.53(0.648) 9.10(0.937) 0.339(0.036) 0.841 (0.003) 0.638 (0.009)

10—73 = phenotypic variance component on the measurement or ordinal scale; a—i = additive genetic variance; af = residual variance; Sf = sample variance of
1 p c '

P 5 (o}
estimated additive genetic values; Sj = sample variance of residual effects; h? = ¢ 5= heritability.
UU. + 0'65
sz = rank correlation between simulated phenotypes and the continuous or ordinal phenotypes used by each model; p, = rank correlation between simu-
lated additive genetic values and estimated additive genetic values under each model.
3M0 = model fitted on the original measurements as the phenotypes; M1A = model fitted on group means on the continuous scale as the phenotypes; M1B
= model fitted on 5x 1-9 scores as the phenotypes without threshold shifts; M2 = model fitted on 5x 1-9 scores as the phenotypes after downscaling the

thresholds by A =2 in; M3 = model fitted on 5x 1-9 scores as the phenotypes after downscaling the thresholds by A =4 in.

Interestingly, with a correctly updated scoring system, the linear
projection yielded comparable results to the linear model fitted on
the original scale.

Now, downscale the thresholds by A =2 in (5.08 cm; Table 2).

The variance on the 1-9 scale is Var (s*) = 49.98 — 6.869° ~ 2.80.
The BLP slope becomes

b1 <k [T 8) 1608
=— = ~ 0.339.
b o, ijld) o, 5

Projected genetic and residual variances are 02 = ﬁ*202 =0.339"

x100= 115ando? = Var(s') - 522 =2.798 1154 = 1.64.
On the rescaled 1-50 scale: Var(SS*) =52 x Var (s*) =67.0,

ol =5x11564=289, o) =5x164=41.0,  and
5s 58
p— VT
T 28.94+41.0

These values closely matched those for model 2 (A= 2; Table 1).
Essentially, the reduced heritability estimate reflected the impact
of a shift in ordinal phenotype distribution.The results for down-
scaling thresholds further by A= 4 in (10.16 cm) were obtained in

k-1 Tj—,u—é

a similar way, where 2'1 =0.934 and
j=

o
Y
+ 0.934 . .
g = L7 ~ 0.197. Shifting the thresholds downward by 4 in

further increases the mass in the upper bins, thereby reducing the
BLP slope, genetic variance, and heritability (Table 2).

Finally, a reduction in heritability inevitably entails a loss of
selection accuracy. Linearly back-transforming EBVs from the
ordinal scale to the latent continuous scale, the expected accuracy
of selection under a shifted system (A > 0) can be expressed as

r(A)=h2(A). [23]

In our example, selection accuracy decreased from 0.659 (MO) to

0.650 (M1B: A = 0), 0.640 (M2: A = 2), and 0.582 (M3: A = 4).

The rank correlations between simulated and estimated additive

genetic values were slightly higher than 7(A) but followed a similar

decreasing trend: 0.717 (MO0), 0.710 (A = 0), 0.698 (A = 2), and

0.638 (A= 4; Table 2).

For selecting the top-a animals, the expected response is

R=ir(A)e [24]

u?

where i, is the selection intensity and o, is the additive genetic
standard deviation. For example, when selecting the top 5% (a =
0.05) of animals, i, = ¢(z,_, )/ with zo5 = 1.645, which gives
io.0s = 2.063. The expected selection responses (in the same unit as
the latent scale) are 1.35 (SD =4.29) under A=0, 1.32 (SD =4.19)
under A= 2, and 1.15 (SD = 3.65) under A= 4.

Table 2. Projected variance components and heritability estimates using a best linear projection approach’

1-9 scores 5% 1-9 scores
A B a'f 03 af a'f 03 af h?
0in (0cm) 0.382 3.39 1.47 1.92 84.8 36.8 48.0 0.434
2in (5.08 cm) 0.339 2.80 1.15 1.64 67.0 28.9 41.0 0.412
4in (10.16 cm) 0.197 1.25 0.39 0.857 31.2 9.75 21.4 0.313

'A = downscale offset of binning thresholds; ﬁ =regression coefficient; crf = variance of 1-9 (or 5x 1-9) ordinal scores; (’Z
= projected additive genetic variance on the ordinal 1-9 (or 5x 1-9) scale; crf = projected residual variance on the ordinal

1-9 (or 5x 1-9) scale; h2= heritability estimate.
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Figure 1. Selection accuracy using 5x 1-9 ordinal scores as phenotypes
under 3 selection scenarios, relative to the selection accuracy using original
stature measurements as phenotypes.

In addition to overall accuracy, we also assessed accuracy for
specific selection objectives—selecting the tallest, intermediate,
and smallest animals—under selection intensities ranging from
5% to 50%. The relative selection accuracy (RSA) was defined
as the ratio of rank correlation between the estimated additive ge-
netic values obtained from the ordinal-scale evaluation and those
on the continuous-scale baseline model (M0). This metric reflects
a realistic breeding scenario in which actual breeding values are
unknown, and evaluations based on observed phenotypes serve
as the benchmark, against which alternative scoring systems are
compared.

Across 10 replicates, selecting the top 5% of animals based
on outdated scores (A = 2) resulted in an average RSA reduction
of 28.5% (Figure 1). This substantial loss in selection accuracy
stemmed from misclassifying nonelite animals as “very tall” due
to score compression and misaligned bin boundaries, which con-
centrated scores in the highest categories (see also the bottom-left
panel of the Graphical Abstract). Nevertheless, the adverse effect
diminished as selection intensity broadened: the RSA loss declined
from 28.5% to 16.0% and then to only 0.6% as selection proportion
increased from 5% to 10% and then to 50%. This dilution effect
arises because a broader selection included animals less affected
by threshold misalignment. Hence, outdated scoring thresholds can
systematically erode both selection accuracy and expected genetic
gain, with the greatest impact observed under intense selection for
extreme phenotypes.

In conclusion, phenotypic shifts have tangible and significant
consequences for genetic evaluations and selection outcomes.
Outdated scoring systems distort the mapping between biological
measurements and categorical scores, leading to biased variance
components, underestimated heritability, and reduced selection ac-
curacy. Therefore, periodic recalibration of threshold boundaries is
essential to keep the ordinal scoring systems aligned with current
population distributions and to safeguard the validity of genetic
improvement programs.

While stature provides a clear example of scale drift in an ordi-
nal scoring system, other traits recorded on discrete scales—such
as BCS—may also be susceptible to similar distributional shifts
over time. A systematic investigation of these traits could help
determine whether recalibration is needed more broadly across
fitness and welfare-related phenotypes.
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