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Abstract 
Increasingly, sheep producers are choosing breeds that express resistance to gastrointestinal parasites due to reduced efficacy of anthelmin-
thic drugs. One such breed is Katahdin. Katahdins are raised in various climates and management systems in the United States, which can be 
combined into eco-management clusters to describe production environments more holistically. The objectives of this study were to determine 
if genotype by environment interaction (G × E) and heteroscedasticity existed across these eco-management clusters for traits indicative of par-
asite resistance. Body weights (BW), FAMACHA scores (FAM), and fecal egg counts (FEC) were collected at around 90 d in 3,527 Katahdin lambs 
delineated into nine eco-management clusters. A tri-variate animal model including birth-rearing type, sex, and dam age (as a quadratic covariate) 
as fixed effects, and eco-management cluster, direct additive, uncorrelated maternal environmental (for BW), and residual as random effects, 
was fitted with ASReml. Heritability estimates for BW, FEC, and FAM were 0.36 ± 0.07, 0.31 ± 0.07, and 0.26 ± 0.05, respectively. The genetic 
(additive) correlation between BW with FEC was −0.26 ± 0.08 and with FAM was −0.16 ± 0.08, and thereby favorable. Heritabilities were also 
estimated univariately within eco-management clusters and ranged from 0.30 ± 0.05 to 0.37 ± 0.05 for BW, 0.18 ± 0.12 to 0.50 ± 0.13 for FEC, 
and 0.07 ± 0.06 to 0.40 ± 0.19 for FAM. Significant genetic and phenotypic heteroscedasticity among eco-management clusters was detected 
in FEC and FAM. A sire by eco-management cluster interaction term was added to the initial model fitted to evaluate G × E. This interaction 
defined substantial variation (P < 0.01) in all traits and explained 12% (FEC) to 20% (BW) of the phenotypic variation. Accounting for G × E and 
heteroscedasticity in the design and implementation of breeding programs may introduce operational challenges. Still, doing so would improve 
the efficacy of selection programs to improve parasite resistance.

Lay Summary 
Sheep producers increasingly rely on breeds that express resistance to gastrointestinal parasites because anthelminthic drugs are often ineffec-
tive. An example is Katahdin sheep, which are raised in various climates and management systems in the United States. These factors can be 
combined into eco-management clusters to describe production environments more holistically. Our objective was to determine if a genotype 
by eco-management cluster (environment) interaction (G × E) affected performance levels, particularly for traits indicative of parasite resistance. 
Body weights (BW), fecal egg counts (FEC), and FAMACHA scores (FAM) were collected at around 90 d in 3,527 Katahdin lambs delineated 
into nine eco-management clusters. Heritabilities of BW, FEC, and FAM were 0.36, 0.31, and 0.26, respectively. Genetic correlations of BW 
with FEC and FAM were low to moderate and favorable (negative). When estimated within eco-management cluster, heritabilities were 0.30 to 
0.37 for BW, 0.18 to 0.50 for FEC, and 0.07 to 0.40 for FAM. For FEC and FAM, these differences corresponded with heterogenous variances 
(heteroscedasticity) across environments. Furthermore, G × E explained 13% (FAM) to 20% (BW) of the variation in a trait. In genetic evaluation 
of parasite resistance, G × E and heteroscedasticity should be incorporated to improve the efficacy of the breeding program.
Key words: fecal egg counts, gastrointestinal nematode parasitism, genotype by environment interaction, heteroscedasticity, sheep
Abbreviations: AIC, Akaike information criterion; BIC, Bayesian information criterion BW, body weight; S × C, sire by eco-management cluster interaction; 
FAM, FAMACHA score; FEC, fecal egg counts; GIN, gastrointestinal nematode; G × E, genotype by environment interaction; NSIP, National Sheep Improvement 
Program

Introduction
In small ruminant, pasture-based systems, gastrointestinal 
nematode (GIN) parasitism is recognized to substantially 
affect animal performance and wellbeing, with economic 
consequences (Bowman, 2021). Since their introduction, 
anthelmintics have been used to treat GIN infections. How-
ever, increasing resistance of GIN to these treatments has been 
documented (Li et al., 2017). In the United States, the primary 

GIN of concern is the Haemonchus contortus, a blood-suck-
ing nematode (Courtney et al., 1985). The parasite burden of 
H. contortus is commonly quantified using fecal egg counts 
(FEC). FAMACHA score (FAM) is a subjective measure of 
the impact of parasitism due to anemia based on the color of 
the ocular mucous membrane (Kaplan et al., 2004). By mea-
suring both FEC and FAM, parasite resistance—the ability of 
the host to exert some degree of control over the pathogen 
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life cycle—and resilience—the productivity of an animal in 
the face of infection—can be assessed (Bishop and Woolliams, 
2014).

Variation in GIN resistance exists within and among sheep 
breeds (Vanimisetti et al., 2004; Brown and Fogarty, 2016) 
with genetic selection for resistance possible using indica-
tor traits such as FEC and FAM. Selection based on these 
traits may, however, influence others of economic importance. 
Therefore, not only the heritability of these indicator traits 
but their correlations with other production traits need to be 
considered in the design of selection programs.

Katahdin are a relatively prolific maternal composite hair 
breed comparable to other medium-sized maternal breeds in 
adult body weight (BW) and lamb growth (Ngere et al., 2018). 
Katahdin sheep are distributed across the United States and 
thereby in production systems differing in climatic conditions 
and management practices. Arisman et al. (2023) combined 
these factors into eco-management clusters to holistically 
define the environmental conditions distinctive to subsets of 
flocks.

Eco-management clusters capture differences in production 
environments. Therefore, they likely reflect distinct environ-
mental challenges (Arisman et al., 2023). Heteroscedasticity 
in additive and phenotypic variation in GIN resistance may 
therefore exist across eco-management clusters (Nakaoka et 
al., 2007), necessitating adjustment to genetic evaluation pro-
grams. Furthermore, interactions between animal genotypes 
and eco-management clusters may exist. The first objective 
of this study was to test for heterogeneity in variances across 
eco-management clusters in BW, FEC, and FAM in Katahdin 
sheep. The second objective was to test for genotype by envi-
ronment interaction (G × E) for this same suite of traits in this 
breed. The relevance of these considerations in the implemen-
tation of genetic evaluation was discussed.

Materials and Methods
Animal handling and sample collection was conducted by 
the animal’s owner in participating commercial flocks and, 
therefore, did not require institutional animal care and use 
approval. Survey data were collected and stored in accor-
dance with the University of Nebraska—Lincoln Institutional 
Review Board approval and standards.

Data collection
Over 3 yr (2017 to 2019), data were collected on 3,527 lambs 
from 142 sires and 1,855 dams spanning 17 Katahdin flocks 
from across the United States. These flocks were members 
of the National Sheep Improvement Program (NSIP; Notter, 
1998), and volunteered to participate. The full pedigree con-
sisted of 88,880 animals. The performance data included BW 
(kg), FEC (eggs/g), and FAM (1 = red or healthy; 5 = pale or 
anemic; Bath et al., 1996), collected in lambs at around 90 
d of age (91.5 [SD 8.5] d). Drenching protocols were also 
available. The FEC were collected via stool samples directly 
from the rectum and quantified using the modified McMaster 
technique (Whitlock, 1948).

BW were adjusted to 90 d equivalents (Arisman et al., 
2023). The FEC were not normally distributed and were 
therefore transformed as log(FEC + 25) (Ngere et al., 2018). 
The FAM were positively skewed with several transforma-
tions considered (log, square root, reciprocal). As described 
by Arisman et al. (2023), none significantly improved the 

distributional properties of the trait. For simplicity, and to 
facilitate interpretations, a Gaussian distribution for FAM 
therefore was assumed. Only FEC and FAM from animals 
for which no anthelmintic was given 30 d prior to measure-
ment were used. The data were further edited for outliers with 
observations for BW, FEC, and FAM that were ± 4 SD from 
the mean removed.

Eco-management clusters
Eco-management clusters were defined to quantify envi-
ronmental differences in climate and management practices 
among 40 Katahdin sheep producers across the United States 
engaged in NSIP (Arisman et al., 2023). These included 
the 17 flocks that also provided BW, FEC, and FAM data. 
The clusters were formed by combining climate data from 
the U.S. National Weather Service summarized over a 30-yr 
time frame (1991 to 2020) with management survey data 
collected in 2021 from the producers. A Factor Analysis on 
Mixed Data followed by Hierarchical Clustering on Princi-
pal Components were utilized to group flocks with similar 
management practices and climate data into eco-manage-
ment clusters utilizing the Factoextra package in R (Mundt 
and Kassambara, 2020).

Performance records from the 17 flocks providing data 
were aligned with their eco-management cluster. This coin-
cided with 9 of the 18 clusters identified. From an earlier 
study (Arisman et al., 2023), the combined eco-management 
clusters explained more variation in BW, FAM, and FEC 
than clusters based on climate or on management alone. 
The main environmental factors delineating the eco-man-
agement clusters were temperature, precipitation, grain 
supplementation while the lambs were on pasture, and the 
age of which lambs were introduced to pasture. Arisman 
et al. (2023) showed that these factors corresponded with 
risks of GIN parasitism. That said, the eco-management 
clusters were not delineated based on parasitism and, there-
fore, did not inherently represent differences in parasitism. 
Consequently, the nine eco-management clusters were used 
to capture the environmental challenge to parasite infec-
tion.

Model selection and parameter estimation
For each eco-management cluster, the number of observations 
for BW, FEC, and FAM are given in Table 1. Their means and 
distributions are provided in Table 2.

Systematic effect.
The systematic (fixed) effects included in the statistical 
models fitted were determined using stepwise regression in 
R (Venables and Ripley, 2002). The models tested included 
birth and rearing type (BR), which was defined as a concate-
nated variable with six levels: single-single, twin-single, twin-
twin, triplet plus-single, triplet plus-twin, triplet plus-triplet 
plus, where the first adjective was the birth type, and the 
second adjective was the rearing type; a triplet plus indicated 
a triplet or higher birth or rearing type. There were limited 
instances of cross fostering. Birth year, the lamb’s sex (male, 
including castrates, or female), the linear and quadratic effect 
of its dam’s age (d), and the sex by BR interaction were also 
considered. For all three traits, only BR, the linear and qua-
dratic effects of dam age, and sex defined significant varia-
tion (P < 0.05). These terms were included in the final models 
fitted.
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Random effects.
Univariate analyses were conducted using ASReml V4.2 
(Gilmour et al., 2021) to determine the most parsimonious 
animal model to fit. Beyond the systematic effects, the ran-
dom effect terms initially considered were eco-management 
cluster, direct additive, uncorrelated maternal environment, 
and residual error. Eco-management cluster was fitted as a 
random to subsequently consider including a sire by eco-man-
agement cluster interaction effect if deemed appropriate. The 
assumption was that the distribution of phenotypes for a 
trait were homogenous across the eco-management clusters 
(Ducrocq et al., 2022).

A random contemporary group effect capturing the effects 
of flock, birth year, and management group combination 
was initially included in the models fitted. However, some 
eco-management clusters were defined by single flocks with 
data in a single lambing season, so fitting both eco-manage-
ment cluster and contemporary group caused singularities in 
the design matrix. The contemporary group effect, therefore, 
was necessarily excluded.

Based on exploration of the data structure (Lewis and 
Beatson, 1999), there was little information available 
through maternal ancestry because of a limited number of 
dams and granddams with records; the maternal additive 
effect was therefore excluded. The significance of adding 
the uncorrelated maternal environmental effect to a model 
already including the eco-management cluster, direct addi-
tive and residual effects was tested using a log-likelihood 
ratio test (chi-square test with 1 degree of freedom; Woolf, 
1957). The Akaike information criterion (AIC; Akaike, 
1998) and Bayesian information criterion (BIC; Schwarz, 

1978) were also considered in defining a “best fit” model 
for each trait.

Using the selected univariate model for each trait, a tri-vari-
ate animal model was also fitted that included eco-manage-
ment cluster and direct additive covariances between traits. 
For BW, the model fitted included the uncorrelated maternal 
environmental effect.

The total phenotypic variance was estimated as the sum 
of the estimated variance from all components, including 
eco-management cluster. Direct (h2) heritabilities were calcu-
lated as the ratio of the direct additive and total phenotypic 
variances. The maternal environmental effect for BW was 
summarized as the ratio of its variance and the total pheno-
typic variance.

Heteroscedasticity
Separately for BW, FEC, and FAM, each eco-management 
cluster was defined as a distinct trait. Nine univariate mod-
els—one for each cluster—were then fitted within each trait 
that included the systematic, direct additive, and residual 
effects. For BW, an uncorrelated maternal environment effect 
was also included.

The log-likelihood value from the evaluation of each 
eco-management cluster was obtained. Since these clus-
ters formed independent samples, log-likelihoods could be 
summed and compared against that from the full data. In the 
absence of heteroscedasticity, the sum of the log-likelihoods 
from the independent samples and the log-likelihood from the 
complete data would be expected to be equal (Márquez et 
al., 2015). A log-likelihood ratio test with 8 degrees of free-
dom was used to test whether the sum of the log-likelihoods 

Table 1. Number of observations for BW, FEC, and FAMACHA score by eco-management cluster and for the full dataset1

Trait Eco-management cluster Full

1 2 3 4 5 6 7 8 9

No. of lambs 763 498 625 460 315 183 334 31 318 3,527

BW 761 414 513 460 265 183 183 31 311 3,121

FEC 531 377 591 460 291 122 314 31 259 2,976

614 498 625 460 131 183 202 31 313 3,057

1Measures collected at around 90 d of age.

Table 2. Mean, SD, and co-efficient of variation (CV) for BW (kg), log transformed FEC [log(eggs/gram + 25)], and FAMACHA (FAM, score) by eco-
management cluster and for the full dataset1

Trait Statistic Eco-management cluster Full

1 2 3 4 5 6 7 8 9

BW Mean 18.96 26.32 22.03 23.23 24.51 26.63 18.23 24.83 29.78 22.39

SD 4.48 4.43 5.79 4.64 5.68 6.41 3.06 4.88 7.44 6.54

CV 0.24 0.17 0.26 0.20 0.23 0.24 0.17 0.20 0.25 0.29

Log FEC Mean 2.70 2.64 2.62 2.71 2.46 2.73 2.88 3.22 2.34 2.66

SD 0.69 0.75 0.64 0.48 0.59 0.55 0.56 0.64 0.48 0.77

CV 0.26 0.28 0.24 0.18 0.24 0.20 0.19 0.20 0.21 0.29

FAM Mean 1.48 1.79 1.67 1.70 2.15 2.57 1.86 2.17 2.30 1.85

SD 0.70 0.78 0.71 0.74 1.04 1.06 0.74 1.03 0.72 0.83

CV 0.47 0.44 0.43 0.44 0.48 0.41 0.40 0.47 0.31 0.45

1Measures collected at around 90 d of age.
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from the independent clusters differed from the log-likelihood 
obtained with the full data.

Genotype by environment interaction
To investigate the presence of G × E, where the environment 
was defined by the eco-management cluster, univariate animal 
models were fitted adding a random sire by cluster (S × C) 
interaction term (Dickerson, 1962). Systematic and random 
effects were otherwise the same as those used in the analyses 
of the full data. To test for significance of the additional inter-
action term, a log-likelihood ratio test was performed. The 
ratio of S × C to total variance was calculated to quantify the 
extent of a G × E in the population.

To establish if the S × C interaction was caused by hetero-
geneous variances, the traits were standardized to the largest 
eco-management cluster. The models where each eco-manage-
ment cluster was fitted as a separate trait were rerun. The 
standardization used was (Márquez et al., 2012):

ti = µ̂CLj + zi × σ̂LCL (1)

where ti was the ith transformed observation for a trait for an 
animal i, µ̂CLj  was the mean of the cluster to which the animal 
belonged, zi was the standard normal deviate, and σ̂LCL was 
the SD of the cluster with the largest number of records (clus-
ter 3). As noted by Márquez et al. (2012), this transforma-
tion ensured that the variances of ti across eco-management 
clusters were homogenous. Differences in the estimates of the 
heritability would indicate persistence of heterogeneity.

Connectedness
To determine if biases in the estimates of S × C were a risk, 
familial relationships or connectedness among the eco-man-
agement clusters were calculated. These were based on pre-
diction error co-variances among estimated breeding values 
for direct additive effects (Lewis et al., 2005; Kuehn et al. 
2007, 2008). The greater the value of connectedness sta-
tistic, the less bias in predictions of breeding values. At a 
connectedness statistic threshold of 0.1, bias is nearly at its 
minimum indicating sufficient familial relationship between 
groups (Kuehn et al., 2007). Using BW as the representa-
tive trait, and its heritability of 0.36 derived from this study, 
connectedness correlations were determined among pairs of 
eco-management clusters. The animal model fitted included 
BR, dam age (as age categories 1, …, 5+), and sex as sys-
tematic effects, and direct additive and residual as random 
effects.

Results
Model selection and parameter estimation
The results of model selection are summarized in Table 3 for anal-
yses of the full data. For FEC and FAM, only eco- management 
cluster, direct additive effects, and residual effects were included 
in the final model selected. For BW, however, including the 
uncorrelated maternal environment effect explained significant 
additional variation in performance levels.

Heritabilities, and direct additive and phenotypic correla-
tions, from the tri-variate analyses are shown in Table 4. The 
heritability estimates were 0.36 ± 0.07 for BW, 0.31 ± 0.07 
for FEC, and 0.26 ± 0.05 for FAM. For BW, the uncorrelated 
maternal environmental variance ratio explained 8.3% of the 
total phenotypic variation. The phenotypic and genetic cor-
relations between FEC and FAM were positive and moderate 
(0.39 ± 0.09) and low (0.15 ± 0.08), respectively. Body weight 
had favorable relationships with FEC and FAM, as indicated 
by their low to moderate negative correlations (−0.14 ± 0.11 
to −0.26 ± 0.08).

Heteroscedasticity
When the data were separated into eco-management clusters 
there was evidence of heterogeneity in variance for FEC and 

Table 3. Random effects fitted in univariate models, and deviations of the 
log-likelihood ratio test (ΔLogL), AIC, and BIC from the model of best fit, 
for BW, log transformed FEC, and FAMACHA score1

Trait Random effects2 ΔLogL3 AIC4 BIC3

BW σ2
e , σ

2
em, σ2

a −28.08 54.15 47.92

σ2
e , σ

2
em, σ2

a, σ
2
c 0 0 0

Log transformed FEC σ2
e , σ

2
em, σ2

a 0 0 0

σ2
e , σ

2
em, σ2

a, σ
2
c −0.23 1.54 7.73

FAMACHA score σ2
e , σ

2
em, σ2

a 0 0 0

σ2
e , σ

2
em, σ2

a, σ
2
c −0.31 1.62 4.50

1Measures collected at around 90 d of age.
2σ2

e , residual variance; σ2
em, eco-management cluster variance, σ2

a, direct 
additive variance; σ2

c , uncorrelated maternal (permanent) environmental 
variance.
3Minus two times the log-likelihood expressed as a deviation from the 
model chosen as the “best-fit” model (in bold). Effects were included 
sequentially. Positive values refer to an increase in the log-likelihood, 
indicating a “better” fit (with 1 df, threshold for significance of an effect 
was χ2

α=0.01,1 = 6.64).
4Expressed as a deviation from the model chosen as the “best-fit” model (in 
bold). Positive values refer to a loss in information or “poorer” fit.

Table 4. Estimates of additive (σ2
a), eco-management cluster (σ2

em), and total phenotypic variances (σ2
p ), and heritabilities and correlations, for BW (kg), 

log transformed FEC [log (eggs/g + 25)], and FAMACHA (FAM) score1

Trait σ2
a σ2

em σ2
p BW (Co)variance ratios2

Log transformed FEC FAM score

BW3 15.64 (1.19) 13.67 (8.12) 43.78 (8.15) 0.36 (0.07) −0.14 (0.11) −0.18 (0.08)

Log transformed FEC 0.20 (0.05) 0.09 (0.06) 0.64 (0.08) −0.26 (0.08) 0.31 (0.07) 0.39 (0.09)

FAM score 0.21 (0.04) 0.13 (0.03) 0.77 (0.06) −0.16 (0.08) 0.15 (0.08) 0.26 (0.05)

1Measures collected at around 90 d of age.
2Heritabilities are provided on the diagonal in bold, additive genetic correlations are provided below the diagonal, and phenotypic correlation are provided 
above the diagonal. Standard errors of estimates are shown in parentheses.
3Uncorrelated maternal (permanent) environment variance was estimated as 3.62 ± 0.47 kg2.
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FAM based on the log-likelihood ratio test (P < 0.01; Table 
5). From the heritabilities estimated from the univariate anal-
ysis for each cluster within a trait, the ratios of additive to 
phenotypic variances differed among eco-management clus-
ters for FEC (Figure 1) and FAM (Figure 2). However, such 
was not the case for BW (Figure 3). Even once standardized 
for differences in phenotypic variances, the heritability esti-
mates for FEC and FAM varied among clusters (data not 
shown). Therefore, heteroscedasticity in both direct additive 
and phenotypic variance was evident in these two traits, but 
not in BW.

Genotype by environment interaction
For the three traits, including the S × C term improved model 
fit as indicated by a log-likelihood ratio test, and the AIC and 
BIC (Table 6). The heritability was lower for BW when the 
model included (0.26 ± 0.06) vs. excluded (0.36 ± 0.07) this 

interaction term, although with only small changes in the 
other two traits. Correspondingly, the ratio of the S × C to 
the total variance was lower for FEC and FAM than for BW 
(Table 7).

When the phenotypic variances across eco-management 
clusters were standardized for heteroscedasticity, the same 
trend held true. The direct additive and S × C variance, and 
their corresponding ratios with phenotypic variances, in gen-
eral, only decreased slightly following the standardization 
(Table 7). The reductions were somewhat larger with FAM.

Connectedness
Among pairs of eco-management clusters, the connectedness 
correlations ranged from 0.04 to 0.57. Kuehn et al. (2008) 
showed that correlations of 0.10 and higher were indicative of 
strong connectedness, with minimum bias in the estimation of 
breeding values in a genetic evaluation. Only one eco-manage-
ment cluster (cluster 9) was poorly connected with the others, 
with connectedness correlations of less than 0.10. Predictions 
of breeding values and comparisons of parameter estimates, 
therefore, suffered from little bias due to these strong levels of 
connectedness. For the one cluster with the low connectedness 
value, the risk of bias in the estimates was greater.

Connectedness is typically established through sharing of 
sires across flocks. In the current data, the most represented 
sire had progeny in three eco-management clusters. Most 
sires, however, only had progeny in one eco-management 
cluster. The high level of connectedness among most eco-man-
agement clusters was through ancillary relatives of sires.

Discussion
Parameter estimation
With moderate heritabilities, and favorable genetic correla-
tions, there is opportunity to increase BW and improve para-
site resistance concurrently through selection. Such could also 

Table 5. Log-likelihood values for test of heteroscedasticity in BW, log 
transformed FEC, and FAMACHA score

Comparison BW Log transformed 
FEC

FAMACHA 
score

Sum independent samples 
log-likelihood values1

−5945.12 −464.33 −680.73

Full data log-likelihood 
value2

−5978.19 −266.03 −577.31

Log-likelihood ratio test3 −66.14 396.61 206.84

1Sum of log-likelihood values for data separated as different traits for each 
eco-management cluster.
2Log-likelihood value for data combined across eco-management clusters.
3Minus two times the log-likelihood expressed as a deviation between 
the sum of the log-likelihoods from the independent samples and the log-
likelihood from the full data. Positive values refer to an increase in the log-
likelihood, indicating a “better” fit (with 8 degrees of freedom, threshold 
for significance was χ2

α=0.01,8 = 20.09).

Figure 1. Additive (black) and residual (white) variance in log transformed FEC [(log(egg/g + 25))2] by eco-management cluster. The ratio of additive to 
phenotypic variance (heritability ± s.e.) is given above each bar of the histogram.
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be deduced from previous studies. Safari et al. (2005), Fog-
arty (1995), Van Wyk and Bath (2002), Riley and Van Wyk 
(2000), and Ngere et al. (2018) reported similar  estimates for 
heritabilities and genetic correlations for these traits.

In the current study, eco-management cluster was fitted as 
a random effect, with its variance included in the total pheno-
typic variance. In other studies, this proxy for a contemporary 
group effect would instead be considered fixed. When exclud-
ing the eco-management variance from the total phenotypic 

variance, the heritabilities were higher as expected (BW: 
0.52 ± 0.08; FEC: 0.36 ± 0.07; FAM: 0.31 ± 0.05), although 
still broadly consistent with literature values. Excluding the 
eco-management (co)variances had little effect on estimates 
of phenotypic correlations.

The range in heritability estimates across eco-manage-
ment clusters for FEC (0.18 to 0.50) also aligns with those 
reported elsewhere for Katahdin lambs within NSIP flocks 
(Notter, 2013; Notter et al., 2017; Ngere et al., 2018). Like 

Figure 2. Additive (black) and residual (white) variance in FAMACHA (score2) by eco-management cluster. The ratio of additive to phenotypic variance 
(heritability ± s.e.) is given above each bar of the histogram.

Figure 3. Additive (black), uncorrelated maternal (permanent) environment (diagonal stripes), and residual (white) variance in BW (kg2) by eco-
management cluster. The ratio of additive to phenotypic variance (heritability ± s.e.) is given above each bar of the histogram.
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this study, the findings of Notter (2013) were based on a lim-
ited sample of flocks and years. Even with our constraints 
in data size, the variation in heritability estimates across 
eco-management clusters indicates that selection responses 
among flocks may differ depending on their environmental 
conditions.

Maternal effects were not observed for FEC. Such was 
also the case for Ngere et al. (2018), Pollott and Greeff 
(2004), and Huisman and Brown (2009). Even so, due to 
the size and structure of the current data, the suite of pos-
sible genetic and environmental maternal factors that may 
affect performance levels could not be fully explored. Ngere 
et al. (2018), for instance, hypothesized that maternal influ-
ences on a litter, including dominance, might impact FEC 
in lambs. Such effects may be unique to a litter due to the 
grazing patterns of an ewe, and thereby her offspring, on 
infected pasture (Ngere et al., 2018). Further investigations 
of maternal effects on parasite resistance would clearly be 
worthwhile.

Correlations between FEC or FAM with BW were small to 
moderate and negative between the traits in agreement with 
Ngere et al. (2018). Such negative correlations are favorable. 
They suggest that individuals with a greater potential for 
growth also have lower FEC and FAM, and therefore greater 
parasite resistance. The slight negative phenotypic correla-
tions between FEC and FAM with BW also indicate that 
lighter lambs are at greater risk to a parasite challenge.

The direct additive and phenotypic correlations between 
FEC and FAM were low (0.15 ± 0.08) and moderate 

(0.39 ± 0.09), respectively. These positive correlations suggest 
that animals that are more resistant to a parasite challenge 
(lower FEC), may also be more resilient to such infection 
(lower FAM). In addition, these positive correlations support 
the presence of H. contortus in the GIN infection as higher 
FEC coincided with evidence of greater anemia (Ngere et al., 
2018).

Heteroscedasticity
Heteroscedasticity across eco-management clusters was 
observed in FEC and FAM, but not in BW. From the fit of 
univariate models in which each eco-management cluster 
was considered a separate trait, significant heterogeneity in 
phenotypic variance was detected in FEC and FAM. When 
comparing heritability estimates, the proportion of pheno-
typic variance defined by additive effects also varied among 
eco-management clusters. Such remained the case even once 
standardizing to a common phenotypic variance for all clus-
ters. Taken together, there was clear heteroscedasticity in 
both the direct additive and phenotypic variance for FEC 
and FAM.

For BW, additive and phenotypic variances were homoge-
nous across eco-management clusters. This is consistent with 
Canavesi et al. (1995) and Márquez et al. (2015), who also 
did not detect heteroscedasticity in BW across production 
environments.

Ignoring heterogeneous variances in a genetic evaluation 
risks reranking of sires across environments (Santana Jr et 
al., 2013). Some of the risks can be mitigated through the 
implementation of a heterogeneous variance model as done 
in other livestock species (Gianola, 1986; Nakaoka et al., 
2007). Another approach to mitigate such bias would be 
to strengthen connectedness among the eco-management 
clusters, or among production environments generally. In 
sheep, where artificial insemination is less common, this can 
be achieved through designed breeding programs in which 
rams are shared among flocks (Lewis and Simm, 2000). The 
progeny of these shared sires create genetic relationships 
among flocks and thereby environments (Kuehn et al., 2008; 
Márquez et al., 2015).

Genotype by environment interaction
Variation defined by sire by eco-management interaction was 
used as a predictor of G × E (Dickerson, 1962). The ratio of 
the S × C to phenotypic variance was slightly lower in FAM 

Table 6. Comparison of univariate models including vs. excluding a sire 
by eco-management cluster interaction for BW, log transformed FEC, 
and FAMACHA score

Trait ΔLogL1 AIC2 BIC2

BW 135.56 −269.13 −262.88

Log transformed FEC 28.93 −55.85 −49.71

FAMACHA score 53.09 −104.18 −97.98

1Minus two times the log-likelihood expressed as a deviation between the 
sum of the log-likelihoods from the model including vs. excluding a sire by 
eco-management interaction. Positive values refer to an increase in the log-
likelihood, indicating a “better” fit (with 1 degrees of freedom, threshold 
for significance was χ2

α=0.01,1 = 6.64).
2AIC and BIC expressed as deviations between the model including vs. 
excluding a sire by eco-management interaction. Positive values refer to a 
loss in information or “poorer” fit.

Table 7. Estimates of variances and heritabilities for the genotype by environment interactions models for BW (kg), log-transformed FEC 
[log(eggs/g + 25)], and FAMACHA (FAM, score) as observed and standardized for heterogeneity in phenotypic variation among eco-management 
clusters1

Observed scale Standardized scale2

BW Log FEC FAM BW Log FEC FAM

Additive variance 11.05 (1.50) 0.17 (0.02) 0.16 (0.03) 10.01 (0.88) 0.16 (0.03) 0.11 (0.03)

S × C variance3 8.28 (1.55) 0.07 (0.01) 0.12 (0.03) 7.80 (0.77) 0.06 (0.02) 0.08 (0.03)

Heritability4 0.26 (0.06) 0.33 (0.05) 0.23 (0.05) 0.25 (0.03) 0.32 (0.06) 0.18 (0.05)

G × E4,5 0.20 (0.05) 0.13 (0.03) 0.17 (0.03) 0.19 (0.05) 0.12 (0.03) 0.12 (0.03)

1Standard errors of estimates are shown in parentheses. Measures collected at around 90 d of age.
2Total phenotypic variances were standardized to the SD of the largest eco-management cluster as per model (1).
3Sire by eco-management cluster interaction.
4Heritability and G × E are without units.
5G × E defined as the proportion of sire by eco-management cluster variance as a proportion of total phenotypic variance.
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and FEC as compared to BW. This indicates that G × E may 
have more influence on BW than indicator traits specific to 
parasitism. Still, in the three traits considered, G × E defined 
a substantial proportion of phenotypic variability (12% to 
20%).

When adding S × C to the statistical model, the heritabil-
ity of BW and, to a smaller extent, FAM was reduced. That 
was due to a portion of additive variance being partitioned to 
G × E, as also observed by Márquez et al. (2015) and Ngere et 
al. (2018). Although the reduction was small, the heritabilities 
for BW and FAM decreased further when observations within 
eco-management clusters were standardized to the same phe-
notypic variance as the largest cluster (cluster 3). Notably, 
the phenotypic variance of that cluster was intermediary to 
others.

FEC exhibited substantial G × E in accordance with Car-
rick and van der Werf (2007). Although that study involved 
a different breed of sheep (Merino), they reflected flocks 
managed across the diversity of climates found in Australia. 
Bishop (2012) suggested that variation in parasite challenge 
and nutritional resources across environments may lead to 
reranking of animal performance, consistent with a G × E. 
In the current study, the FEC varied considerably across 
eco-management clusters. Furthermore, although H. contor-
tus was presumed to be the primary GIN species associated 
with parasitism, such was not verified. Carrick and van der 
Werf (2007) reported that G × E may reflect the population 
structure of the GIN infection. Therefore, worm species 
admixture in a parasite challenge would be anticipated to 
affect the expression of G × E in FAM.

Connectedness
Misztal (1990) proposed that a small sire by herd interac-
tion could be explained by sires having progeny in few herds. 
In the current study, sires were not well-represented across 
eco-management clusters. The most well-represented sire had 
progeny in only three of the nine clusters. However, genetic 
connectedness was strong among eight of the clusters, reflect-
ing genetic relationships established through ancillary rela-
tives of sires. Despite limited direct sharing of sires, sufficient 
connectedness was still present to allow reliable estimation 
of parameter values including interactions between sires and 
eco-management clusters.

Implications
In selection programs animals are often reared in different 
environments. Therefore, ignoring G × E in genetic evaluation 
may lead to reductions in selection response (Garrick and Van 
Vleck, 1987; Mulder and Bijma, 2006). Even though disre-
garding G × E may increase selection intensity, response may 
be slower because of a decrease in selection accuracy (Slag-
boom et al., 2021). By accounting for G × E, genetically supe-
rior individuals could be more reliably identified benefiting 
the outcomes of a breeding program.

When G × E is present, breeding programs may need to be 
modified to account for the differences in genetic expression 
across environments. A common across-flock breeding goal 
remains appropriate. However, the mating design may benefit 
from strategic use of sires across eco-management clusters. 
With enough progeny per sire within each of the collabo-
rating flocks, stronger connectedness would be established 
among clusters. The estimate of a sire by eco-management 
cluster interaction would thereby be improved.

Although important, incorporating G × E into a routine 
genetic evaluation has complications. Perhaps most challeng-
ing would be defining pertinent eco-management clusters. 
For this study, these clusters were derived from a multivari-
ate analysis of climatic and management data using principal 
component loadings to group flocks into environmental cat-
egories (Arisman et al., 2023). Since management practices 
change, such an exercise would need to be repeated period-
ically.

Perhaps an alternative approach for accommodating G × E 
would be through utilizing random regression. Ducrocq et al. 
(2022) included individual climate variables (e.g., tempera-
ture, solar radiation, perception) as a reaction norm variable 
in a random regression model. They compared solutions to 
identify the most important climate variables contributing to 
G × E. A potential modification would be to substitute and 
test individual principal component loadings as the climate 
variable.

Conclusions
Resistance to GIN infection is moderately heritable with 
favorable genetic correlations with BW. However, there was 
heterogeneity in both direct additive and phenotypic vari-
ances across environments (eco-management clusters) in FEC 
and FAM. A significant G × E was also detected in all three 
traits and defined substantial phenotypic variation. Account-
ing for such heteroscedasticity and G × E in the design and 
implementation of breeding programs, despite operational 
challenges, may improve the efficacy of selection programs to 
improve parasite resistance.

Acknowledgments
We wish to thank the NSIP, and its member Katahdin sheep 
producers, for their contributions to this research. This work 
was supported by the Organic Agriculture Research and 
Extension Initiative (grant 2016-51300-25723/project acces-
sion 1010329), and by the Agriculture and Food Research 
Initiative Competitive Grant (grant 2022-67015-36073/proj-
ect accession 1027785), from the USDA National Institute of 
Food and Agriculture. The USDA is an equal opportunity pro-
vider and employer. The mention of trade names or commer-
cial products in this article solely for the purpose of providing 
specific information and does not imply recommendation or 
endorsement by the USDA.

Conflict of Interest Statement
The authors declare no real or perceived conflict of interest.

Literature Cited
Akaike, H. 1998. Information theory and an extension of the maximum 

likelihood principle. In: E. Parzen, K. Tanabe, and G. Kitagawa, edi-
tors. Selected papers of Hirotugu Akaike. New York, NY: Springer 
Series in Statistics, Springer; p. 199–213. doi:10.1007/978-1-4612-
1694-0_15

Arisman, B. C., J. M. Burke, J. L. M. Morgan, and R. M. Lewis. 2023. 
Clustering climate and management practices to define environ-
mental challenges affecting gastrointestinal parasitism in Katahdin 
sheep. J. Anim. Sci. 101:1–10. doi:10.1093/jas/skad002

Bath, G. F., F. S. Malan, and J. A. Van Wyk. 1996. The ‘‘FAMACHA’’ 
Ovine Anemia Guide to assist with the control of haemonchosis. In: 

https://doi.org/10.1007/978-1-4612-1694-0_15
https://doi.org/10.1007/978-1-4612-1694-0_15
https://doi.org/10.1093/jas/skad002


Arisman et al. 9

Proc. 7th Annul. Congr. Livest. Health Prod. Group South African 
Vet. Assoc., Port Elizabeth, South Africa. 5–7:5.

Bishop, S. C. 2012. Possibilities to breed for resistance to nematode 
parasite infection in small ruminants in tropical systems. Animal. 
6:741–747. doi:10.1017/S1751731111000681

Bishop, S. C., and J. A. Woolliams. 2014. Genomics and disease resis-
tance studies in livestock. Livest. Sci. 166:190–198. doi:10.1016/j.
livsci.2014.04.034

Bowman, D. D. 2021. 4 – Helminths. In: Bowman, D. D., editor. Geor-
gis’ parasitology for veterinarians. 11th ed. Philadelphia, PA: W. B. 
Saunders; p. 135–260. doi:10.1016/C2016-0-02298-2

Brown, D. J., and N. M. Fogarty. 2016. Genetic relationships between 
internal parasite resistance and production traits in Merino sheep. 
Anim. Prod. Sci. 57:209–215. doi:10.1071/AN15469

Canavesi, F., L. R. Schaeffer, E. B. Burnside, G. B. Jansen, and P. Rozzi. 
1995. Sire-by-herd interaction effect when variances across herds 
are heterogeneous. I. Expected genetic progress. J. Anim. Breed. 
Genet. 112:95–106. doi:10.1111/j.1439-0388.1995.tb00546.x

Carrick, M. J., and J. H. J. van der Werf. 2007. Sire by environmental 
interaction in sheep may re-rank sires for some traits. Proc. 17th 
Biannual Conf. Assoc. Advmt. Anim. Breed. Genet. 17:248–251. 
http://www.aaabg.org/livestocklibrary/2007/carrick248.pdf

Courtney, C. H., C. F. Parker, K. E. McClure, and R. P. Herd. 1985. 
Resistance of exotic and domestic lambs to experimental infec-
tions with Haemonchus contortus. Int. J. Parasitol. 15:101–109. 
doi:10.1016/0020-7519(85)90107-9

Dickerson, G. E. 1962. Implications of genetic-environmental inter-
action in animal breeding. Anim. Prod. 4:47–63. doi:10.1017/
S0003356100034395

Ducrocq, V., A. Cadet, C. Patry, L. van der Westhuizen, J. B. van Wyk, 
and F. W. C. Neser. 2022. Two approaches to account for geno-
type-by-environment interactions for production traits and age at 
first calving in South African Holstein cattle. Genet. Sel. Evol. 54. 
doi:10.1186/s12711-022-00735-5

Fogarty, N. M. 1995. Genetic parameters for live weight, fat and muscle 
measurements, wool production and reproduction in sheep: a re-
view. Anim. Breed. Abstr. 63:101–143. https://www.researchgate.
net/publication/309105795_Genetic_parameters_for_live_weight_
fat_and_muscle_measurements_wool_production_and_reproduc-
tion_in_sheep_a_review.

Garrick, D. J., and L. D. Van Vleck. 1987. Aspects of selection for per-
formance in several environments with heterogeneous variances. J. 
Anim. Sci. 65:409–421. doi:10.2527/jas1987.652409x

Gianola, D. 1986. On selection criteria and estimation of parameters 
when the variance is heterogeneous. Theor. Appl. Genet. 72:671–
677. doi:10.1007/BF00289007

Gilmour, A. R., B. J. Gogel, B. R. Cullis, S. J. Welham, and R. Thomp-
son. 2021. ASReml user guide release 4.2 functional specification. 
Hemel Hempstead: VSN International Ltd, www.vsni.co.uk.

Huisman, A. E., and D. J. Brown. 2009. Genetic parameters for body-
weight, wool, and disease resistance and reproduction traits in Me-
rino sheep. 3. Genetic relationships between ultrasound scan traits 
and other traits. Anim. Prod. Sci. 49:283–288. doi:10.1071/ea08172

Kaplan, R. M., J. M. Burke, T. H. Terrill, J. E. Miller, W. R. Getz, S. 
Mobini, E. Valencia, M. Williams, L. H. Williamson, M. Larsen, 
et al. 2004. Validation of the FAMACHA eye color chart for de-
tecting clinical anemia on sheep and goat farms in the southern 
United States. Vet. Parasitol. 123:105–120. doi:10.1016/j.vet-
par.2004.06.005

Kuehn, L. A., R. M. Lewis, and D. R. Notter. 2007. Managing the risk 
of comparing estimated breeding values across flocks or herds 
through connectedness: a review and application. Genet. Sel. Evol. 
39:225–247. doi:10.1186/1297-9686-39-3-225

Kuehn, L. A., D. R. Notter, G. J. Nieuwhof, and R. M. Lewis. 2008. 
Changes in connectedness over time in alternative sheep sire refer-
encing schemes. J. Anim. Sci. 86:536–544. doi:10.2527/jas.2007-
0256

Lewis, R. M., and P. R. Beatson. 1999. Choosing maternal-effect models 
to estimate (co)variances for live and fleece weight in New Zealand 

Coopworth sheep. Livest. Prod. Sci. 58:137–150. doi:10.1016/
S0301-6226(98)00197-3

Lewis, R. M., R. E. Crump, L. A. Kuehn, G. Simm, and R. Thompson. 
2005. Assessing connectedness in across-flock genetic evaluations. 
J. Anim. Sci. 83:101. (Abstr.).

Lewis, R. M., and G. Simm. 2000. Selection strategies in sire referenc-
ing schemes in sheep. Livest. Prod. Sci. 67:129–141. doi:10.1016/
S0301-6226(00)00182-2

Li, L., D. J. Brown, A. A. Swan, and J. H. J. van der Werf. 2017. Genetic 
parameters for faecal worm egg count at different ages in Austra-
lian sheep under natural challenge. Anim. Prod. Sci. 59:1201–1208. 
doi:10.1071/AN17833

Márquez, G. C., W. Haresign, M. H. Davies, G. C. Emmans, R. Roehe, 
L. Bünger, G. Simm, and R. M. Lewis. 2012. Index selection in ter-
minal sires improves early lamb growth. J. Anim. Sci. 90:142–151. 
doi:10.2527/jas.2011-4294

Márquez, G. C., W. Haresign, M. H. Davies, R. Roehe, L. Bünger, G. 
Simm, and R. M. Lewis. 2015. Heterogeneous variances and genet-
ics by environment interactions in genetic evaluation of crossbred 
lambs. Animal. 9:380–387. doi:10.1017/S1751731114002717

Misztal, I. 1990. Restricted maximum likelihood estimation of variance 
components in animal model using sparse matrix inversion and a 
supercomputer. J. Dairy Sci. 73:163–172. doi:10.3168/jds.s0022-
0302(90)78660-2

Mulder, H. A., and P. Bijma. 2006. Benefits of cooperation between 
breeding programs in the presence of genotype by environment 
interaction. J. Dairy Sci. 89:1727–1739. doi:10.3168/jds.S0022-
0302(06)72241-X

Mundt, F., and A. Kassambara. 2020. Factoextra: extract and visual-
ize the results of multivarate data analysis. https://rpkgs.datanovia.
com/factoextra/index.html.

Nakaoka, H., A. Narita, T. Ibi, Y. Sasae, T. Miyake, T. Yamada, and Y. 
Sasaki. 2007. Effectiveness of adjusting for heterogeneity of vari-
ance in genetic evaluation of Japanese Black cattle. J. Anim. Sci. 
85:2429–2436. doi:10.2527/jas.2007-0063

Ngere, L., J. M. Burke, J. L. M. Morgan, J. E. Miller, and D. R. Notter. 
2018. Genetic parameters for fecal egg counts and their relation-
ship with body weights in Katahdin lambs. J. Anim. Sci. 96:1590–
1599. doi:10.1093/jas/sky064

Notter, D. R. 1998. The U.S. National Sheep Improvement Program: 
across-flock genetic evaluations and new trait development. J. 
Anim. Sci. 76:2324–2330. doi:10.2527/1998.7692324x

Notter, D. R. 2013. Selection for parasite resistance. In: Proc. XL Re-
unión de la Asociación Mexicana para la Producción Animal y la 
Seguridad Alimentaria y IX Seminario Internacional de Producción 
de Ovinos en el Trópico, Villahermosa, Tabasco, Mexico, May 
22–24, Villahermosa: Universidad Juárez Autónoma de Tabasco; 
p. 3–12. https://www.researchgate.net/publication/315772264_Se-
lection_for_parasite_resistance_Seleccion_para_resistencia_parasi-
taria.

Notter, D. R., J. M. Burke, J. E. Miller, and J. L. M. Morgan. 2017. Fac-
tors affecting fecal egg counts in periparturient Katahdin ewes and 
their lambs. J. Anim. Sci. 95:103–112. doi:10.2527/jas.2016.0955

Pollott, G. E., and J. C. Greeff. 2004. Genetic relationships between fae-
cal egg count and production traits in commercial Merino flocks. 
Anim. Sci. 79:21–32. doi:10.1017/s1357729800054497

Riley, D. G., and J. A. Van Wyk. 2009. Genetic parameters for FAM-
ACHA score and related traits for host resistance/resilience and 
production at different severities of worm challenge in a Merino 
flock in South Africa. Vet. Parasit. 164:44–52. doi:10.1016/j.vet-
par.2009.04.014

Safari, E., N. M. Fogarty, and A. R. Gilmour. 2005. A review of ge-
netic parameter estimates for wool, growth, meat and reproduc-
tion traits in sheep. Livest. Prod. Sci. 92:271–289. doi:10.1016/j.
livprodsci.2004.09.003

Santana, M. L. Jr, A. B. Bignardi, J. P. Eler, F. R. Cardoso, and J. B. 
S. Ferraz. 2013. Genotype by environment interaction and model 
comparison for growth traits of Santa Ines sheep. J. Anim. Breed. 
Genet. 130:394–403. doi:10.1111/jbg.12029

https://doi.org/10.1017/S1751731111000681
https://doi.org/10.1016/j.livsci.2014.04.034
https://doi.org/10.1016/j.livsci.2014.04.034
https://doi.org/10.1016/C2016-0-02298-2
https://doi.org/10.1071/AN15469
https://doi.org/10.1111/j.1439-0388.1995.tb00546.x
http://www.aaabg.org/livestocklibrary/2007/carrick248.pdf
https://doi.org/10.1016/0020-7519(85)90107-9
https://doi.org/10.1017/S0003356100034395
https://doi.org/10.1017/S0003356100034395
https://doi.org/10.1186/s12711-022-00735-5
https://www.researchgate.net/publication/309105795_Genetic_parameters_for_live_weight_fat_and_muscle_measurements_wool_production_and_reproduction_in_sheep_a_review
https://www.researchgate.net/publication/309105795_Genetic_parameters_for_live_weight_fat_and_muscle_measurements_wool_production_and_reproduction_in_sheep_a_review
https://www.researchgate.net/publication/309105795_Genetic_parameters_for_live_weight_fat_and_muscle_measurements_wool_production_and_reproduction_in_sheep_a_review
https://www.researchgate.net/publication/309105795_Genetic_parameters_for_live_weight_fat_and_muscle_measurements_wool_production_and_reproduction_in_sheep_a_review
https://doi.org/10.2527/jas1987.652409x
https://doi.org/10.1007/BF00289007
www.vsni.co.uk
https://doi.org/10.1071/ea08172
https://doi.org/10.1016/j.vetpar.2004.06.005
https://doi.org/10.1016/j.vetpar.2004.06.005
https://doi.org/10.1186/1297-9686-39-3-225
https://doi.org/10.2527/jas.2007-0256
https://doi.org/10.2527/jas.2007-0256
https://doi.org/10.1016/S0301-6226(98)00197-3
https://doi.org/10.1016/S0301-6226(98)00197-3
https://doi.org/10.1016/S0301-6226(00)00182-2
https://doi.org/10.1016/S0301-6226(00)00182-2
https://doi.org/10.1071/AN17833
https://doi.org/10.2527/jas.2011-4294
https://doi.org/10.1017/S1751731114002717
https://doi.org/10.3168/jds.s0022-0302(90)78660-2
https://doi.org/10.3168/jds.s0022-0302(90)78660-2
https://doi.org/10.3168/jds.S0022-0302(06)72241-X
https://doi.org/10.3168/jds.S0022-0302(06)72241-X
https://rpkgs.datanovia.com/factoextra/index.html
https://rpkgs.datanovia.com/factoextra/index.html
https://doi.org/10.2527/jas.2007-0063
https://doi.org/10.1093/jas/sky064
https://doi.org/10.2527/1998.7692324x
https://www.researchgate.net/publication/315772264_Selection_ for_ parasite _resistance_Seleccion_para_resistencia_parasitaria
https://www.researchgate.net/publication/315772264_Selection_ for_ parasite _resistance_Seleccion_para_resistencia_parasitaria
https://www.researchgate.net/publication/315772264_Selection_ for_ parasite _resistance_Seleccion_para_resistencia_parasitaria
https://doi.org/10.2527/jas.2016.0955
https://doi.org/10.1017/s1357729800054497
https://doi.org/10.1016/j.vetpar.2009.04.014
https://doi.org/10.1016/j.vetpar.2009.04.014
https://doi.org/10.1016/j.livprodsci.2004.09.003
https://doi.org/10.1016/j.livprodsci.2004.09.003
https://doi.org/10.1111/jbg.12029


10 Journal of Animal Science, 2023, Vol. 101 

Schwarz, G. E. 1978. Estimating the dimension of a model. Ann. Stat. 
6:461–464. doi:10.1214/aos/1176344136

Slagboom, M., A. C. Sørensen, J. R. Thomasen, H. Liu, M. Kargo, 
and L. Hjortø. 2021. Ignoring genotype by environment interac-
tion in the genetic evaluation of dairy cattle reduces accuracy but 
may increase selection intensity. J. Dairy Sci. 104:12756–12764. 
doi:10.3168/jds.2021-20876

Vanimisetti, H. B., S. L. Andrew, A. M. Zajac, and D. R. Notter. 
2004. Inheritance of fecal egg count and packed cell volume 
and their relationship with production traits in sheep infect-
ed with Haemonchus contortus. J. Anim. Sci. 82:1602–1611. 
doi:10.2527/2004.8261602x

Van Wyk, J. A., and G. F. Bath. 2002. The FAMACHA system for man-
aging haemonchosis in sheep and goats by clinically identifying in-
dividual animals for treatment. Vet. Res. 33:509–529. doi:10.1051/
vetres:2002036

Venables, W. N., and B. D. Ripley. 2002. Modern applied statistics with 
S. 4th ed. New York, NY: Springer.

Whitlock, H. V. 1948. Some modifications of the McMaster helminth 
egg-counting technique and apparatus. J. Counc. Sci. Ind. Res. 
21:177–180. https://publications.csiro.au/rpr/download?pid=proc-
ite:255b383b-c52c-4733-8dee-8e3e4831c4d9&dsid=DS1.

Woolf, B. 1957. The Log Likelihood ratio test (the G-test). Ann. Hum. 
Genet. 21:397–409. doi:10.1111/j.1469-1809.1972.tb00293.x

https://doi.org/10.1214/aos/1176344136
https://doi.org/10.3168/jds.2021-20876
https://doi.org/10.2527/2004.8261602x
https://doi.org/10.1051/vetres:2002036
https://doi.org/10.1051/vetres:2002036
https://publications.csiro.au/rpr/download?pid=procite:255b383b-c52c-4733-8dee-8e3e4831c4d9&dsid=DS1
https://publications.csiro.au/rpr/download?pid=procite:255b383b-c52c-4733-8dee-8e3e4831c4d9&dsid=DS1
https://doi.org/10.1111/j.1469-1809.1972.tb00293.x

	Genotype by environment interaction and heteroscedasticity influence the expression of parasite resistance in Katahdin sheep
	tmp.1694443625.pdf.WKMTP

