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Abstract 
Recent advancements in genotyping technologies have revolutionized our ability to estimate breed composition in pigs. The classical composi-
tional regression used for this purpose requires a multibreed panel to detect crossbreeding and its application is limited to breeds in the panel. 
Some breed entities may not have access to the multibreed panel but may have access to a single breed panel. We present crossbreeding 
detection methods based on semi-supervised anomaly detection techniques that use a single-breed genotype panel from purebred animals of 
interest. By utilizing these methods, we identified and assessed breed outliers within large pig genotype panels.

Lay Summary 
The genome of an individual contains information about its breed of origin. Classical methods require genomic knowledge of animals from 
several breeds to estimate the breed composition of an individual. In this paper, we propose methods that can assess the breed purity of an 
animal when only genotypes of a single breed are known. These methods belong to anomaly detection techniques, which are used to detect 
abnormal (crossed or admixed individuals) from normal (purebred) ones. We demonstrate that these methods are effective in distinguishing 
crossbreds from purebreds.
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Introduction
Genomic data has been broadly applied to estimate the breed com-
position of domestic animals (Kuehn et al., 2011; Huang et al., 
2014). Classical compositional regression models require a mul-
tibreed panel to detect crossbreeding (Kuehn et al., 2011; Huang 
et al., 2014) and they have been proven very effective in detecting 
crossbreeding of a target breed as well as of other breeds in the refer-
ence panel (Funkhouser et al., 2017). In some practical applications, 
however, entities performing breed purity analysis (e.g., an individ-
ual breeders’ association) may not have access to a multibreed panel 
but may have access to a comprehensive reference genotype panel 
of the breed of interest. Determining the exact breed composition in 
this situation is impossible, but there is a need to certify whether an 
unknown animal is purebred or crossbred. We call this breed purity 
analysis. Thus, statistical methods that can employ a single-breed 
reference panel to detect crossbreeding should be developed.

This problem is especially well-suited for semi-supervised 
anomaly detection methods (Chandola et al., 2009). Anom-
aly detection is a technique for finding unusual datapoints or 
patterns in a dataset. The term anomaly is also referred to as 
an outlier (Chandola et al., 2009). In breed purity analyses, 
crossbred or admixed animals can be considered as genomic 
outliers when compared to purebreds. Methods for anomaly 
detection can be supervised, unsupervised, or semi-supervised. 

If the reference set includes both known ‘normal’ (purebreds 
in this case) and ‘abnormal’ (outliers, i.e., crossbred animals) 
labels, the method is supervised. If there is no knowledge of 
the status (purebred or crossbred) of available animals, the 
method is unsupervised, and it has been used to filter outli-
ers before applying supervised machine-learning models for 
breed identification (Liu et al., 2022). Finally, if only normal 
(purebreds) are included in the reference set, the method is 
semi-supervised. Semi-supervised anomaly detection is more 
widely applicable and can perform better than supervised 
techniques in the context of analyzing only one target breed 
of interest (Chandola et al., 2009).

In this study, we present crossbreeding detection methods 
based on classic semi-supervised anomaly detection tech-
niques that use a single breed genotype panel from purebred 
animals and we demonstrate its ability compared to the clas-
sical multibreed compositional regression method.

Materials and Methods
Genotype data
The sample for this study was provided by Hypor. It included 
genotypes from purebred large white (LW; n = 2000), land-
race (LR; n = 2000), Duroc (n = 2000), Pietrain (n = 2000), 
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and from crossbred pigs (50% Pietrain, 25% LW, 25% LR, 
n = 1010). All animals were genotyped using a commercial 
GeneSeek 50K array that is routinely used by Hypor in its 
breeding operations. A total of 45,436 SNP genotypes per 
sample were encoded as 0, 1, and 2 representing the dosage 
of a reference allele that was held consistent across all geno-
types and populations.

LW was chosen as the target breed for this study because 
it exhibits substantial genetic diversity, larger effective pop-
ulation size, and less persistence of linkage disequilibrium 
compared to other breeds, which makes it more challenging 
to study breed purity (Badke et al., 2012). SNP with minor 
allele frequency (MAF) smaller than 0.01 in LW were filtered 
out, resulting in a 44,616-SNP panel. Genotypes from other 
breeds were used as test genotypes and to generate in-silico 
admixed genotypes for more testing (see simulation section).

Simulation of the admixed dataset
Since LW and LR are genomically closer as shown in the prin-
cipal component analysis (PCA) plot where LW and LR clus-
tered close to each other (Supplementary Figure 1), individual 
genotypes in the LR panel were used to simulate admixed 
animals. Four admixed datasets were simulated by randomly 
mixing LW and LR genotypes at 4 different composition rates 
following the procedure used by a previous study (Funk-
houser et al., 2017).

First, the genomes of 2 animals randomly selected from LW 
and LR panels respectively were evenly segmented into 24 
segments of 1,859 SNP. Then 2, 3, 4, and 6 segments were 
randomly selected from LR and corresponding segments of 
LW were replaced to form a synthetic genome. This simu-
lation was repeated 500 times to create a 500-individual 
‘admixed’ pig panel. The genomic composition rate was pro-
portional to the length of the segments of these 2 purebreds, 
resulting in 75.0%, 83.0%, 87.5%, and 91.6% proportion of 
Large-White-originated alleles.

Multi-breed composition regression
As a positive control or reference method, the multi-breed com-
positional regression method (Funkhouser et al., 2017) was 
implemented. Two reference sets were built: 1) using genotypes 
from all 4 purebreds and 2) using genotypes from all purebreds 
except LR. The second reference set was used to assess the ability 
of this method to detect non-purebred LW animals with ances-
tors from a breed not included in the reference panel (i.e., LR). 
The model was (Funkhouser et al., 2017):

y = Xβ + e� [1]

where y is a vector of length 10,000 containing a single indi-
vidual’s genotypes expressed as proportion of the reference 
allele (0, 0.5, 1) and e is a vector of residuals. X is the 10,000 
×q matrix with allele frequencies of randomly selected 10,000 
SNP and 100 animals from each reference purebred, and q is 
the number of purebreds (q = 4 for all purebreds panel and q 
= 3 for purebreds excluding LR panel). The reduced number 
of SNP used in this method followed previously published 
results (Funkhouser et al., 2017) and this SNP density has 
been shown effective for estimating breed compositions. β is 
a vector of length q representing breed compositions and its 
solution was constrained by 

∑q
i=1 β̂ i = 1. Quadratic pro-

gramming, as implemented in the quadprog R package (Wein-

gessel, 2013), which was used to fit the model in equation [1] 
subject to this restriction. Moreover, the model was fitted for 
the genotypes of each individual and R package breedTools 
(Funkhouser et al., 2017) was used to do the analysis.

Single-breed linear regression model
A total of 1,500 LW pigs were randomly selected to serve as a 
single-breed reference panel. Test sets included the remaining 
500 LW pigs, purebred LR (n = 2,000), Duroc (n = 2,000), 
Pietrain (n = 2000), crossbred (50% Pietrain, 25% LW, 25% 
LR, n = 1010), and 4 admixed (each n = 500) pigs. A linear 
regression model (LM) was used to estimate the coefficients 
β and R2 of test animals. This model was similar to the one 
implemented in equation [1], where y is a vector of length 
44,616 containing an individual’s genotypes, X is a matrix 
with 2 columns of length 44,616: the first column is all ones 
related to the intercept and the second column contains allele 
frequencies of the single reference breed (LW) to estimate the 
regression coefficient. β is a vector that includes an intercept 
and a regression coefficient, with no constraints imposed on 
the estimation of β. This model was also fitted individually. 
An anomalous datapoint (genotype of crossbred or admixed 
animal) should exhibit estimated regression coefficients and 
R2 values that depart from the distribution of those statistics 
computed in purebred LW test animals. The rejection of puta-
tive crossbred or admixed genotypes was performed using 
empirical thresholds described in the section below.

Principal component analysis and reconstruction
Principal component analysis is a method of dimensionality 
reduction (Jolliffe, 2002). An application of this method in 
anomaly detection is to reconstruct the original data using the 
PCA components and find anomalous items using reconstruc-
tion error (Jablonski et al., 2015).

First, the reference genotype matrix Yreference 
(1,500 × 44,616) was centered by subtracting matrix 11500u′

, where 11500 is a 1,500 × 1 column vector of ones, and u′ 
(1 × 44,616) is the row vector of column means of Yreference

. The centered reference genotype matrix centered−Yreference 
(1,500 × 44,616) was given by:

centered−Yreference = Yreference − 11500u′� [2]

After centering, PCA was performed on centered−Yreference, 
and the eigenvectors matrix V (44,616 × 1,500) was obtained 
using singular value decomposition (SVD) by solving equa-
tion [3] as implemented in R function prcomp():

centered−Yreference = UΣVT� [3]

where U (1,500 × 1,500) is the matrix of left singular vectors, 
Σ (1,500 × 1,500) is the diagonal matrix containing the sin-
gular values, and VT (1,500 × 44,616) is the transpose matrix 
of V, which contains the 1,500 principal components for the 
reference data.

Eigenvectors V were then used to project the genotypes of 
a test individual onto all principal components and to recon-
struct the genotypes. In this process, the first step was to cen-
ter the genotypes of a test individual ytest (a row vector of 
length 44,616) by subtracting u′ in equation [4].

centered−ytest = ytest − u′� [4]
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Second, the centered−ytest  was projected into the 1,500 prin-
cipal components by multiplying it with V, producing the 
PCA score vector pca−ytest  of length 1,500:

pca−ytest = centered−ytest · V� [5]

Third, the genotype of the test individual was reconstructed 
from the PCA scores. The reconstruction process reprojected 
the scores pca−ytest  back to the original centered feature 
space by post-multiplying to VT (1,500 × 44,616). Thus, these 
2 steps were equal to: centered−ytest · V · VT

, where V · VT 
acted as a projection matrix as V has orthogonal columns, 
and centered−ytest · V · VT

 was the orthogonal projection of 
centered−ytest  onto the column space of V. If test genotypes 
lie closer to the column space of V (the PCA space of refer-
ence genotypes), their reconstruction will be more accurate. 
Finally, u′ was added back to restore the original scale of 
genotypes. Thus, the reconstructed ŷtest (a vector of length 
44,616) was represented by:

ŷtest = pca−ytest · VT + u′ = centered−ytest · V · VT + u′� [6]

The code for the whole process is available at: https://
github.com/xiaohanj-isu/pca_reconstruction_SNPchip. 
Reconstruction correlation and mean square error (MSE) of 
reconstruction were used as statistical criteria for detecting 
crossbreeding. The correlation was calculated as:

cov(ytest, ŷtest)/(
»

var(ytest) ·
»

var(ŷtest))� [7]

and MSE was calculated as:

1
n

(ytest − ŷtest)(ytest − ŷtest)
T

� [8]

where n = 44,616 for each individual. An empirical thresh-
old was computed from the distribution of those statistics in 
purebred LW test genotypes.

Phasing and imputation
Another way to perform anomaly detection is through gen-
otype imputation. Genotype imputation has been developed 
for the prediction of missing genetic variants from known 
genotypes (Yun et al., 2009). Imputation accuracy is higher 
when imputation is performed within a breed compared to 
using another breed’s reference population (Friedenberg and 
Meurs, 2016). This can be exploited to detect admixture and 
crossbreeding with a single-breed panel.

SHAPEIT 5 (Hofmeister et al., 2023) and IMPUTE 5 
(Rubinacci et al., 2020) were utilized for genotype phasing 
and imputation. In the test sets, 14,305 SNP were masked 
as missing for imputation. The masked SNP corresponded to 
those that exhibited a correlation ≥0.85 in the PCA recon-
struction of test LW genotypes, i.e., SNP that were easier to 
be imputed accurately in the target breed.

Imputation correlation and mean square error of imputa-
tion were used as statistical criteria for detecting crossbreed-
ing. Correlation and mean square error were calculated using 
equations [7] and [8] (n = 14,305) in the previous section, 
but ytest and ŷtest are vectors of length 14,305 representing 
observed genotypes and re-imputed genotypes for masked 
SNP per individual. An empirical threshold was computed 

from the distribution of those statistics in purebred LW test 
genotypes.

Performance evaluation
Each applied method used specific metrics to detect crossbred 
or admixed animals among purebred individuals. In all cases, 
the distribution of one or more statistics was characterized 
for purebred LW test genotypes and it was used as an empiri-
cal reference distribution to compare individual test statistics 
from putative crossbred individuals.

For single-breed linear regression, the test statistics used 
were the linear coefficient and R2. For PCA and Imputation, 
the test statistics were the correlation and MSE between the 
observed and the reconstructed/imputed multi-SNP geno-
types for each animal.

In all cases, the threshold used to call crossbred animals was 
the upper 5th percentile (for metric MSE), or lower 5th per-
centile (for metrics correlation, linear coefficient, and R2) of 
the distribution of the test statistic for purebred LW animals. 
Specifically, any tested animals with a metric value larger (for 
MSE) or smaller (for correlation coefficient, linear coefficient, 
and R2) than the threshold were rejected as non-purebreds. 
This rule would produce 5% of false rejections for LW and 
the proportion of true rejection in test sets was used as a mea-
sure of the performance of each method.

Results and Discussion
The multibreed compositional regression method coupled 
with a reference panel of LW, LR, Duroc, and Pietrain, esti-
mated breed compositions that closely matched true com-
positions (Table 1). All LW pigs had a LW coefficient that 
was larger than 0.97. Average LR proportion for LW animals 
was estimated at 1.2%, which was low per-se, yet the high-
est among all other estimated breed coefficients. This result 
was consistent with previous observations (Funkhouser et al., 
2017). Also, the LW coefficient in simulated admixed geno-
types were very close to true values, and even animals with 
LW segments as high as 91.6% were clearly separated from 
100% LW purebreds. Simulated admixed genotypes were 
also tested against a compositional regression panel that did 
not contain LR in the panel, to emulate the case where the 
‘foreign breed’ was not part of the reference. When LR was 
omitted from the reference panel, LW proportion in admixed 
animals was overestimated to be close to 0.9, which did not 
accurately reflect their breed composition (Table 2).

Table 3 shows the proportion of rejections for genomic 
datasets from purebreds, crossbreds, and in-silico admixed 
panels using LM, PCA, and Imputation methods. All these 
3 methods can achieve a 100% rejection rate in all other 
purebred sets, as well as for the experimental cross of 50% 
Pietrain, 25% LW, and 25% LR. This demonstrated the 
potential of semi-supervised anomaly detection to discover 
purebred animals from different breeds or crosses.

In the context of in-silico admixed genotypes, imputation-
based and PCA-based anomaly detection showed similar per-
formance for the purpose of detecting non-purebred animals. 
They both achieved almost a 100% rejection rate of admixed 
genotypes with LW proportion ≤83%. Imputation had the 
highest rejection rate for the 91% LW admixed set, even 
detecting 80% of the admixed samples, while PCA had the 
highest rejection rate of approximately 95% for the 87.5% 
LW admixed set. The single breed LM method performed  
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relatively worse in the admixed set with a high proportion of 
LW (91.6% and 87.5% LW), with a rejection rate below 50% 
in genotypes with 91.6% LW genomic segments. However, it 
could detect over 90% of admixed animals with a propor-
tion of LW ≤83%, very close to that of the Imputation and 
PCA methods. In general, the higher the proportion of LW, the 
more difficult it is to distinguish an admixed genotype from 
purebred genotypes.

Although the outlier detection rate is a main factor evalu-
ated when comparing these anomaly detection methods, there 
are other considerations for their practical implementation. 
For instance, PCA and LM are linear methods, which makes 
them computationally simpler and easier to implement in 
breeding programs. In contrast, imputation-based anomaly 
detection can utilize linkage disequilibrium to capture subtler 
differences in complex genotypic patterns (Rubinacci et al., 

Table 1. Breed composition validation using multi-breed regression with 4 purebreds reference panel (foreign breed LR included; Mean regression 
coefficients, SD in parentheses)

Predicted

Dataset LW LR DUR P R2

LW (100% LW)1 0.973 (0.042) 0.012 (0.039) 0.006 (0.014) 0.009 (0.0184) 0.394 (0.024)

LR (100% LR)1 0.015 (0.044) 0.971 (0.042) 0.006 (0.013) 0.008 (0.020) 0.408 (0.023)

Duroc (100% DUR)1 0.004 (0.045) 0.005 (0.041) 0.987 (0.015) 0.003 (0.021) 0.641 (0.023)

Pietrain (100% P)1 0.008 (0.045) 0.008 (0.042) 0.005 (0.015) 0.978 (0.022) 0.561(0.02)

50% P, 25% LW, 25% LR2 0.230 (0.033) 0.249 (0.022) 0.020 (0.013) 0.501 (0.018) 0.357 (0.025)

91.6% LW, 8.4% LR3 0.897 (0.028) 0.086 (0.037) 0.007 (0.013) 0.010 (0.016) 0.363 (0.023)

87.5% LW, 12.5% LR3 0.859 (0.01) 0.123 (0.01) 0.007 (0.016) 0.011 (0.009) 0.352 (0.019)

83.0% LW, 17.0% LR3 0.815 (0.017) 0.167 (0.017) 0.008 (0.011) 0.010 (0.03) 0.341 (0.028)

75.0% LW, 25.0% LR3 0.736 (0.061) 0.245 (0.061) 0.008 (0.018) 0.011 (0.034) 0.322 (0.021)

1real genotype of purebreds, 2 real genotypes of crossbreds, 3 simulated admixed genotypes.
Abbreviations: DUR, Duroc; LW, large white; LR, landrace; P, Pietrain; SD, standard deviation.

Table 2. Breed composition using multi-breed regression with 3 purebreds reference panel (foreign breed LR excluded; mean regression coefficients, 
SD in parentheses)

Predicted

Dataset LW DUR P R2

91.6% LW, 8.4% LR1 0.950 (0.027) 0.022 (0.016) 0.028 (0.023) 0.361 (0.02)

87.5% LW, 12.5% LR1 0.934 (0.027) 0.029 (0.017) 0.038 (0.024) 0.348 (0.019)

83.0% LW, 17.0% LR1 0.916 (0.03) 0.037 (0.018) 0.047 (0.025) 0.333 (0.019)

75.0% LW, 25.0% LR1 0.881 (0.03) 0.052 (0.018) 0.067 (0.026) 0.304 (0.017)

1simulated admixed genotype.
Abbreviations: LW, large white; LR, landrace; SD, standard deviation.

Table 3. Comparison of proportion of rejection among LM, PCA, and imputation using single breed anomaly detection

Proportion of rejection, %

LM LM PCA PCA Imputation Imputation

Dataset coefficient R2 correlation MSE correlation MSE

LW1 5 5 5 5 5 5

LR1 100 100 100 100 100 100

DUR1 100 100 100 100 100 100

P1 100 100 100 100 100 100

50% P, 25% LW, 25% LR2 100 100 100 100 100 100

91.6% LW, 8.4% LR3 41.4 49 65.4 75.4 80.6 79

87.5% LW, 12.5% LR3 70.4 78.4 94.2 95.6 92.2 91.8

83.0% LW, 17.0% LR3 93.4 96.6 98.4 98.8 99.4 99.4

75.0% LW, 25.0% LR3 100 100 100 100 100 100

1real genotype of purebreds, 2 real genotypes of crossbreds, 3 simulated admixed genotypes.
Abbreviations: DUR, Duroc; LW, large white; LR, Landrace; P, Pietrain; LM, linear model; PCA, reconstruction-based principal component analysis; MSE, 
mean square error.
The proportion of rejection was obtained with respect to the distribution of metrics in reference breed LW.
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2020), which increases the computational cost of detection. 
However, some breeding programs include imputation in 
their usual data analysis pipeline (Dassonneville et al., 2011), 
making its implementation for anomaly detection readily 
accessible for those cases.

Conclusion
The presented results clearly demonstrate the effectiveness 
and limitations of semi-supervised anomaly detection tech-
niques for breed purity analyses when using a single breed 
reference genotype panel. Anomaly detection enables the 
identification of admixed individuals compared to purebreds, 
but only when the proportion of the foreign breed is relatively 
large (in the present results ¼ or more). Genotype imputation 
and PCA reconstruction showed similar performance and can 
be applied based on breed entities’ detection needs and con-
ditions. Notably, this study illustrates a challenging scenario 
of anomaly detection in the admixture of a large proportion 
of genomic segments from a highly variable target breed with 
a small proportion of segments from a genomically close for-
eign breed.

Supplementary Data
Supplementary data are available at Journal of Animal Science 
online.
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