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b University of Liège, Organic and Biological Analytical Chemistry Group, MolSys Research Unit, 4000 Liège, Belgium
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• The genetic potential of recently found 
boar taint compounds was investigated.

• Genetic contributions were pooled into 
genetic index finding concise 
phenotype.

• Indexes resulted in high correlations to 
human perception.

• Research supported interest in 
continued efforts in high-throughput 
phenotyping.
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A B S T R A C T

Meat quality traits are economically important in pig production. Breeding strategies can help prevent meat 
defects such as boar taint, usually characterized by quantified indole, skatole and androstenone (ISA) in back fat. 
This exploratory study investigated the genetic potential of a novel boar taint phenotype, pooling volatile organic 
compounds (VOCs), which were recently identified as phenotypically discriminant. Fat samples were collected 
from 1272 Pietrain × Landrace crossbred boars. Phenotypes for boar taint on these samples were: lab sensory 
score (LSS; n = 1269), ISA quantification (n = 308), and VOC profiles (n = 127). Given the limited amount of 
data, a selection index-based approach was used to pool traits in trait groups, ISA and VOC, considering LSS as 
reference trait. (Co)variance components were estimated with a full multi-trait model, and index equations were 
adjusted to account for uncertainty in estimated parameters. Index coefficients were then applied to ISA and VOC 
phenotypes to generate two pooled phenotypes, ISA and VOC indices. Estimates from the 3-trait model (LSS, ISA 
index and VOC index) confirmed high expected correlations with LSS. Genetic parameter estimates showed 
higher significance demonstrating the interest of pooling multiple partially informative traits together. More
over, using the VOC index would generate a higher expected correlated genetic response in LSS (192 %) than the 
ISA index (160 %) compared to the direct response when using only LSS. Despite limited data, this exploratory 
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study showed the potential of this novel broad phenotype based on pooled VOCs to improve genetic selection for 
reduced boar taint risk, although further validation in larger populations is required.

1. Introduction

Uncastrated males, bred for welfare, growth and feed efficiency, may 
develop boar taint – an undesirable (i.e., faecal and urinary) flavour 
released during meat cooking. Boar taint can be assessed by sensory 
evaluation, performed at slaughterhouse or in the lab, by heating fat and 
detecting released volatile organic compounds (VOCs) (Burgeon et al., 
2021a; Mörlein et al., 2014). This method, close but not identical to 
consumer’s perception, enables to perceive the VOCs responsible for 
boar taint and their synergistic effects (Burgeon et al., 2021a). The 
perception of the boar taint phenotype has been differently character
ized according to some studies. Some reported equivalent contributions 
of skatole (SKA) and androstenone (AND) (Berg et al., 1993; Hansson 
et al., 1980), while other stressed higher contributions from SKA relative 
to AND (Bejerholm and Barton-Garde, 1993; Bonneau et al., 2000). The 
contribution of both compounds to total perception was reported to 
range between 50 % to 66 % (Hansson et al., 1980; Bejerholm and 
Barton-Garde, 1993) and their existing interaction and influence on 
perception has been demonstrated by Mörlein et al. (2016a). These 
differences between studies can be explained because perception can be 
affected by concentrations, animal populations, sensory analysis 
methods, assessors and consumption context (Bonneau, 1993; Markey 
et al., 2025; Mörlein et al., 2014, 2016a, 2016b; Rius et al., 2005). Other 
recent studies (e.g., Burgeon et al., 2021a; Fischer et al., 2014; Gerlach 
et al., 2018; Markey et al., 2025; Mörlein et al., 2024), reported, among 
other compounds, that indole (IND) and 2-aminoacetophenone also 
contribute to faecal and foxy odours, respectively thereby adding 
complexity to the boar taint phenotype.

Genetic selection of pigs to reduce boar taint risk (i.e., its perception 
by humans) generally uses traits like quantified compounds (i.e., SKA, 
AND, and sometimes IND) (Haberland et al., 2014; Squires et al., 2020). 
This approach relies on the strong genetic correlations, often estimated 
in ranges between 0.65 and 0.90 (Haberland et al., 2014) between 
indole, skatole and androstenone (ISA), as these compounds are the 
main contributors to the boar taint, and the direct human perception, 
evaluated as lab sensory score (LSS). Additionally, the relatively high 
heritability of SKA (0.23–0.55) and AND (0.55–0.88), whilst LSS exhibit 
lower heritability (0.07–0.30), guarantee a highest response to selection 
(Duarte et al., 2021; Markey et al., 2025).

However, the genetic evaluation of boar taint should account for 
human sensory perception which may not be fully associated to ISA 
traits only. Therefore, relying on a correlated response from these traits 
only is suboptimal and may miss to cover the full human perception. If 
additional compounds contributing to boar taint should exist, the next 
steps are their identification and quantification. This process currently 
results in a limited number of observations, restricting the scope for 
comprehensive genetic studies. Despite these limitations, even small- 
scale or preliminary studies are valuable, because they can enhance 
the understanding of how these compounds relate to human perception 
of boar taint and clarify if more efforts for phenotyping are necessary. 
Indeed, quantification requires analytical methods such as chromatog
raphy (Hansen-Møller et al., 1994; Windig et al., 2012; Burgeon et al., 
2021a, 2021b; Botelho et al., 2022) although accurate are often costly 
and time-consuming (Burgeon et al., 2021a), which further limit 
large-scale implementation.

In order to detect multiple informative traits for boar taint percep
tion, Rodrigues et al. (2024) recently identified 13 VOCs in pig backfat 
discriminating boar taint using a classification model. They used 
extraction of heated fat head-space method coupled to gas chromatog
raphy and mass spectrometry (GC–MS) which enabled them to obtain 
profiles of VOCs. This type of analysis was already used for boar taint 

characterisation by, among others, Fischer et al. (2011), Verplanken 
et al. (2016), Burgeon et al. (2021b, 2023a, 2023b). This analysis can be 
fast as the device can be portable (Verplanken et al., 2016) and can be 
used to quantify boar taint compounds (e.g., Fischer et al., 2011) or to 
study VOC profiles (e.g., Burgeon et al., 2021b) with low limits of 
quantification and detection. However, to our knowledge, its potential 
application for genetic purposes for selection against boar taint has not 
yet been exploited.

This exploratory study evaluated the potential of boar taint-related 
compounds identified by Rodrigues et al. (2024) in the genetic 
improvement context. These VOCs included volatilized forms of IND, 
SKA, AND and ten additional compounds discriminant in sensory anal
ysis. The objective of this exploratory study was to assess the potential 
use of VOCs in the context of genetic selection against boar taint and 
their relationships with other traits: LSS, representing the boar taint 
phenotype reference trait, and ISA quantification. We studied their po
tential using two approaches: directly using VOCs individually and as, 
alternatively, as pooled VOCs according to their contribution to LSS. In 
the first approach, we considered individually each trait (LSS, ISA 
quantification and the 13 VOCs) and we estimated (co)variance com
ponents in a 17-trait model. In the second approach, we used results 
from the first part of this study to consider pooled ISA quantification and 
pooled VOCs to predict the boar taint phenotype. Respective coefficients 
were calculated based on selection index (SI) theory to pool weighted 
compounds according to their relative contribution in genetically 
explaining LSS, the reference trait. Then, (co)variances components 
were estimated from a 3-trait model including LSS and the two boar taint 
indices. Finally, the genetic relevance of pooled VOC-based phenotype 
was evaluated for its effectiveness in selection against boar taint, by 
comparing expected genetic responses to direct LSS and pooled 
ISA-based phenotype respectively.

2. Material and methods

This study was carried out as part of a larger research project on the 
development of selection tools against boar taint of Walloon Pietrain 
boars to explore new opportunities for phenotyping. The Pietrain ×
Landrace crossbred animals were born on the same farm, reared in 14 
batches of 100 animals and each batch was then approximately split 
between two farms for fattening. Animals in each batch were slaugh
tered together at around 180 days. Each cohort of approximately 50 
animals per batch and per farm represented a given contemporary 
group. For practical reasons, two contemporary groups were not reared 
resulting in 26 contemporary groups. No selection was applied on ani
mals and conditions were similar to commercial farms. The pedigree of 
these animals and ancestors was registered, auricular biopsy was per
formed for genotype analysis, and back fats were collected at culling, 
allowing to obtain several phenotypes of boar taint. The phenotypic and 
the genotypic data in this study were obtained as part of the station 
progeny testing program of Walloon Pietrain boars and the project 
NoWallOdor to develop a routine boar taint genetic evaluation. The 
Ethics Committee of the University of Liege approved the protocol for 
animal raising and handling (Protocols codes #2307 #1861; approved 
on 21 December 2020).

2.1. Phenotypic data

Data was based on neck back fat samples from 1272 non-castrated 
boars slaughtered between 2020 and 2023. Back fat samples were 
collected on the slaughter line and stored at − 20 ◦C until analyses. The 
back fats were divided into three samples, weighing 1 g, 50 g and 5 g 
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respectively for the following analyses. These samples were analysed for 
boar taint by three types of analyses resulting in three boar taint phe
notypes: The LSS, the ISA quantification, and the VOCs. During data 
curation, following rules were applied: no duplicates were kept, only 
Piétrain × Landrace crossbred boars with at least one phenotype, known 
pedigree, not slaughtered under/overage (24–32 weeks) were used, 
each batch slaughtered at a common age with average weight of 119±16 
kg. Animals with at least one phenotype were kept. Final dataset of 
phenotypes (n = 1272) consisted of LSS (n = 1269), ISA quantification (n 
= 308) and 13 VOCs (n = 127) data. In order to visualize the complex 
data structure, data overlap is presented in Fig. 1(a) as a Venn diagram. 
The following paragraphs give more details about used analytical 
methods.

2.1.1. Sensory analysis
Sensory analyses were performed on almost all sampled animals, 

with a soldering iron by one expert, trained to detect boar taint levels, at 

laboratory, i.e., under controlled conditions (under a fume hood, 
organised with a 60 s interval between two successive analyses). This 
expert used a 3-scale classification of fat samples, resulting in LSS, as 
following: 0 (no odour), 1 (slight odour) and 2 (strong odour). Before 
each session of analyses, the trained assessor had to demonstrate the 
ability to detect these levels. Each batch of samples was assessed within 
the same session, as soon as possible after slaughter.

2.1.2. Quantification of indole, skatole and androstenone
Samples were selected throughout the batches and farms with a 

minimum of 7 quantifications by contemporary group. Resources were 
limited, therefore special attention was paid to ensure obtaining mea
surements of offspring for all evaluated sires applying an algorithm 
presented by Markey et al. (2023). Quantification of ISA (in ppb) was 
performed by ultra-high-performance liquid-chromatography tandem 
mass spectrometry (UHPLC-MS/MS) after an extraction from melted 
back fat with methanol by an external lab. Quantification was performed 

Fig. 1. Availability data map after pre-processing of (a) phenotyped animals (b) genotyped across phenotyped animals. 
Venn diagrams with associated tables of data combinations indicating the number of data available (Lab sensory score, indole, skatole and androstenone measured by 
ultra-high-performance liquid-chromatography tandem mass spectrometry, Volatile organic compounds measured by headspace solid-phase microextraction in 
combination with comprehensive two-dimensional gas chromatography–time–of–flight mass spectrometry, genotypes) after pre-processing across (a) phenotyped 
animals, (b) genotyped across phenotyped animals. 
Abbreviations: LSS: Lab sensory score; ISA: Indole, skatole and androstenone measured by ultra-high-performance liquid-chromatography tandem mass spectrom
etry; VOCs: Volatile organic compounds measured by headspace solid-phase microextraction in combination with comprehensive two-dimensional gas chroma
tography–time–of–flight mass spectrometry.
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with internal standards in all injections and was conducted by series, 
accompanied by a blank, a calibration curve and a control sample. More 
details about quantification and instrumentations are given by Rodri
gues et al. (2024).

2.1.3. Volatile organic compounds analysis
Data for VOCs were based on measurements already used in the 

study of Rodrigues et al. (2024), with additional data curation applied (i. 
e., valid animal identification and eliminating repeated measurements). 
Back fat samples were randomly selected in six contemporary groups (i. 
e., three batches in two farms). Extraction was performed by heating 
back fat in a headspace and using a solid-phase microextraction fibre 
and the analysis was performed by comprehensive two-dimensional gas 
chromatography–time–of–flight mass spectrometry (HS-SPME-GCxG 
C-TOFMS). Instrumentation and other details were described in Rodri
gues et al. (2024). The chromatograms were processed to obtain an 
exploitable dataset (i.e., pics area) for identifying compounds, carrying 
out statistical analyses, and building the classification model by 
cross-validation. Data for 13 VOCs (n = 127) identified by Rodrigues 
et al. (2024) as discriminant for boar taint were hereafter named as 
compounds C1 to C13: androstenone, skatole, 2-aminoacetophenone, 
indole, benzonitrile, 2,5-dimethyl-pyrazine, 1‑methoxy-4-methyl 
-benzene, 2-propenyl-benzene, 2,3-dimethylphenyl isocyanate, benze
nemethanol, biphenyl, pyrazine and 2-dodecanone.

2.2. Pedigree and genomic collection

The pedigree was extracted up to three generations (n = 1842) from 
the routine genetic Walloon evaluation system. The combined pedigree- 
genomic relationships (e.g., Christensen and Lund, 2010) were set up 
using genomic data (n = 1139) including 991 genotyped crossbred an
imals with at least one phenotype. Distribution of genotypes across 
available phenotypic data is shown in Fig. 1(b). All genotypes were 
available through the routine genetic Walloon evaluation system. Gen
otyping chips used were the GeneSeek-Neogen PorcineSNP80 BeadChip 
and the Illumina PorcineSNP60 BeadChip (Illumina, Inc., San Diego, 
CA). After quality control (Call rate > 0.90 and Minor Allele Frequency 
< 0.05) 40.928 single nucleotide polymorphisms (SNPs) remained.

2.3. Merging datasets

The different datasets (i.e., phenotypic datasets, pedigree and ge
notypes files) were merged based on common animal identification. 
Data availability and overlaps composition are shown in Fig. 1(a). SAS 
9.4 software (SAS Institute, 2025) was used to prepare the file, transform 
and standardised the data and compile the basic statistics.

2.4. Genetic analyses

To investigate the genetic potential of VOCs, the general approach of 
this study was based on SI theory (Lin, 1978a, 1978b; Van Vleck, 1993), 
which is a multiple regression type approach where known information 
is used to predict unknown. The SI provides a synthetic value, called 
index, combining several traits weighted according to their relative 
importance. This allows individuals to be classified according to their 
overall value. The information to be predicted was LSS, the reference 
trait, based on known information from ISA traits and VOC traits. 
Therefore, ISA- and VOC-based predictions of LSS will be Best Linear 
Predictors of LSS creating alternative boar taint phenotypes (Van Vleck, 
1993). In our context, we derived SI weights using genetic covariances 
among boar taint traits: LSS, ISA quantification and VOCs. Extending 
beyond classical use of SI, the derived coefficients were used to trans
form phenotypic data for two reasons. First, this allowed pooling of ISA 

quantification and VOCs, into new traits representing the boar taint 
phenotype, hereafter called ISA index and VOC index respectively. 
Moreover, this allowed the estimation of the final covariance compo
nents for LSS, ISA index and VOC index. All these covariance compo
nents were then used to assess the partitioning of genetic variance for 
LSS among traits and indices. Finally, literature is commonly used to 
obtain variance components for given traits when phenotypic data is 
limited or not available (e.g., as done by Haberland et al. (2014)). 
However, for VOC, to our knowledge, literature values are not yet 
available. Therefore, our study had to establish these (co)variance 
components itself despite the limited amount of data available. More
over, by creating an index at a phenotypical level, the significance of 
estimates for unpooled and pooled traits could be compared.

2.4.1. Data preparation and statistical analysis
Boar taint is relatively infrequent in the pig population (5–10 %) 

even if it is a major problem of consumption and breeding (Rius et al., 
2005; Sørensen et al., 2015). This results in an unbalanced population 
which may lead to statistical treatments less straightforward (Makridis 
et al., 2022). Moreover, data in this study are categorical (LSS) and 
continuous (ISA and VOC phenotypes). This is why, as previously 
applied by Markey et al. (2025), and similarly to Mathur et al. (2012), 
and based on Snell (1964) and Mujibi and Crews (2009), the use of lab 
sensory Snell-scores (n = 1269) was chosen as an approach to mitigate 
this problem. This method considers the frequency of each categorical 
data class, useful notably when a class is overrepresented as for boar 
taint. The LSS (0–2) were replaced by values representing the distribu
tion of the three classes of observations. In practice, the cumulative 
frequencies at the boundaries of class 1 (i.e., the lower boundary rep
resented by the frequency of class 0, and the upper boundary repre
sented by the cumulative frequency of classes 0 and 1) were transformed 
into z-scores and then averaged. For the extreme classes, the 0 or 2 
scores were replaced by approximated values that adjusted the first or 
last class in existing boundaries. This adjustment involved subtracting of 
adding the coefficient -ln(Pe)/Qe where Pe is the probability of a value 
below (for class 0) or above (for class 2) the boundary class and Qe is the 
relative proportion of each extreme class. For ISA measurements (n =
308), the log10-transformation was applied to improve normality (Tajet 
et al., 2006; Windig et al., 2012; Markey et al., 2025). Finally, all traits in 
the VOC dataset (n = 127), whose distributions resulting from statistical 
processing previously carried out by Rodrigues et al. (2024), were 
log10-transformed to approximate normality. All traits in the final 
dataset (17 traits; n = 1272) were standardised within trait to a mean of 
0 and an observed standard deviation of 1.

2.4.2. Establishing initial genetic parameters using the full multi-trait model
Estimation of covariance components is inherently difficult with 

limited data. Therefore, many precautions were taken to achieve reliable 
results. As explained before, dataset was normalised and standardised to 
ensure uniformity and to achieve more stable convergence of the (co) 
variance component algorithms. Even if computation with several par
tial trait groups were tested leading to starting values, a full 17-trait 
model could be successfully run. The following generic multi-trait 
mixed model to estimate variance components, here after called full 
multi-trait model was used: 

y = Xf + Zu + e 

where y is the vector of traits × observations (all traits including LSS, 
ISA and VOCs for 1272 phenotyped animals); X and Z are the incidence 
matrices linking, respectively, fixed and random effects to records; f is 
the vector of fixed contemporary group effects with 26 classes of 14 
batches in 2 farms and regression on metabolic slaughter weight for each 
trait; u is the vector of additive genomic random effects, u ~ N (0,G0 ⊗
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H); e is the vector of residuals, e ~ N (0,R0 ⊗ I); G0 and R0 are the 
elementary additive genetic and residual (co)variances matrices among 
traits, respectively; I is an identity matrix; H is the relationship matrix 
based on pedigree and genomic information, which inverse (H-1) was 
given by Aguilar et al. (2010, 2011) and reported by Botelho et al. 
(2022): 

H− 1 = A− 1 +

[
0 0
0 G− 1

c − A− 1
22

]

where, A-1 is the inverse of pedigree-based relationship matrix (A); G− 1
c 

is the inverse of the combined genomic relationship matrix (Gc) with Gc 

= αG + βA22 using by default α = 0.95 and β = 0.05; A− 1
22 is the inverse of 

pedigree-based relationship matrix for genotyped animals. The G matrix 
was calculated as described by VanRaden et al. (2009), Wang et al. 
(2012) and reported by Botelho et al. (2022): 

G = ZDZʹ
/ [

2
∑m

i=1
pi(1 − pi)

]

wherein Z is a zero-centred matrix obtained by Z = M - P, M is a m × n 
(number of markers x number of animals) matrix, which specifies each 
individual genotype and P is a matrix with the allele frequencies 
expressed as a difference of 0.5 and multiplied by 2, i.e., the i column of 
P is given by 2 (pi - 0.5); D is a diagonal matrix of SNP weights, here an 
identity matric; and pi is the allele frequencies of the considered allele of 
the ith marker. Variance components were estimated using expectation- 
maximisation and average information restricted maximum likelihood 
(REML) algorithms as implemented in the BLUPF90 family of programs 
(Misztal et al., 2014). Standard errors (SE) were based on Meyer and 
Houle (2013) and used to define significance of genetic parameters with 
Student’s t-test, where p-values allowed to determine the significance 
threshold.

2.4.3. Regulation of initial genetic parameters
Although feasible, the parameters estimation method may produce 

unreliable results due to multicollinearity, as all variables were initially 
selected for their predictive potential on LSS. The presence of large SE 
led to modifications of the estimated covariance matrix, following 
Meyer and Kirkpatrick (2010). Rather than directly bending the matrix 
during estimation as suggested by these authors, a data-driven regula
rization by inflating the diagonals of the elementary genetic (co)vari
ance matrix G0 among traits with their estimated SE was applied 
generating a modify matrix G∗

0. This approach, conceptually Empirical 
Bayesian Ridge Regression, prevents overfitting and enhances stability 
by applying and L2 penalty. Unlike standard ridge regression, this 
method adapts to the data ensuring biologically meaningful variance 
adjustments while stabilizing estimated parameters and therefore esti
mation of SI coefficients. It differs from penalised regression as 
uncertainty-based regularization of covariance components was per
formed instead of direct shrinking regression coefficient. This led to 
reduced correlations among traits reducing multicollinearity issues. All 
matrix manipulations described in this section were performed using the 
program GNU Octave (Eaton et al., 2020).

2.4.4. Establishing selection indices and using them to create pooled 
predicted phenotypes

This section outlines the development and subsequent use of the SI to 
predict LSS. Indices were obtained and used in following steps: (1) 
Modifying (G∗

0), the elementary genetic covariance matrix of traits (i.e., 
LSS, ISA and VOC traits), as explained in section 2.4.3.; (2) Obtaining the 
regression coefficients (i.e., required SI coefficients) of LSS on ISA traits 
and on VOC traits (Lin, 1978a): Regression coefficients (bi) were ob
tained from the previous elements by computing bi

ʹ
= ci

ʹ( G∗
0
)

i
− 1 where 

the vector ci contains the genetic covariances between LSS and ISA and 

LSS and VOC traits while the matrix 
(
G∗

0
)

i contains the genetic co
variances among ISA respectively VOC traits where i represents the 
computed index (Lin, 1978b); (3) Creating the pooled traits: From the bi 
coefficients, a transformation matrix (T) was obtained and, for each 
animal, applied to the 17 traits to generate the pooled boar taint traits (i. 
e., ISA index and VOC index) representing predictions of LSS: 

⎡

⎢
⎣

yLSS

yISA index

yVOC index

⎤

⎥
⎦ =

⎡

⎢
⎢
⎢
⎣

1LSS 0ISA 0VOC

0LSS b’
ISA 0VOC

0LSS 0ISA b’
VOC

⎤

⎥
⎥
⎥
⎦

⎡

⎢
⎣

yLSS

yISA

yVOC

⎤

⎥
⎦ = TyLSS, ISA, VOC

where

⎡

⎢
⎣

yLSS

yISA index

yVOC index

⎤

⎥
⎦ = yLSS, predicted LSS 

As traits were available by group of traits, the equation given above 
was modified for animals having only LSS (n = 1269), ISA (n = 308) or 
VOCs (n = 127) or any combination of those trait groups. The co
efficients of T were optimised to genetically predict LSS from the ISA and 
VOC trait groups. By applying these coefficients to the phenotypic 
values, pooled predicted boar taint phenotypes were created, hereafter 
referred to as the ISA index and the VOC index.

2.4.5. Computing relative genetic contributions to LSS
Relative genetic contributions of each trait to LSS within their 

respective index were estimated using the following procedure: (1) 
Regression coefficients as those used in T were expressed for stand
ardised genetic values; (2) The absolute values of these standardised 
coefficients were then normalised relative to their total size, resulting in 
relative contribution of each trait to the model; (3) By multiplying those 
coefficients by the total explained relative variance of LSS (i.e., coeffi
cient of determination). This results in the relative genetic contributions 
of each trait to LSS.

2.4.6. Estimation of genetic parameters and genetic response for indexes 
and LSS

Covariance components estimation of the indices associated to LSS 
were performed with the same methods and the same model as before 
but with a reduced 3-trait model using the same procedure as section 
2.4.2. The vector of traits × observations was composed of maximum 
three traits (LSS, ISA index and VOC index). The efficiency of indirect 
selection by selected trait (i.e., ISA or VOC index) compared to direct 
selection (by LSS) has been estimated according to the following stan
dard formular based on SI-theory (Van Vleck, 1993): 

CRLSS

RLSS
= rg

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
h2

Selected trait

h2
LSS

√

where CRLSS is the correlated response of LSS by selecting for the 
selected trait (i.e., ISA or VOC indices), RLSS is the direct response, rg is 
the genetic correlation between traits, and h² are the heritabilities.

3. Results and discussion

3.1. Phenotypic data description

Basic characteristics of data are given in Table 1 and their overlap is 
shown in Fig. 1. The traits are shown before their standardisation based 
on the phenotypic mean, which was performed to optimise the use of 
multi-trait REML algorithms and their numerical stability.

3.2. Estimating initial genetic parameters among all traits

Needed covariances could be estimated jointly using the 17-trait 
model and sub-sampling to smaller matrices was not necessary. 
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Observed convergence, presented in Fig. 2, showed a slow, but regular 
(Misztal, 2008), behaviour needing over 3000 rounds but eventually 
achieving a convergence of under 1–12. There are several potential 
reasons that could explain this successful, slow but stable convergence. 
First, data was standardized creating the numerically most stable con
ditions. Furthermore, data had certainly large ranges of missing traits for 
a given record, but these were organized in three trait groups that 
showed strong genetic correlations inside the groups and across them 
(Table 2). Finally, the population structure of the dataset and how re
lationships were considered, was certainly helpful in achieving 
convergence. Indeed, this data came from a boar-testing scheme with 
batches carefully linked by connection sires across batches, but also with 
78 % of animals with records being genotyped as shown in Fig. 1(b). 

Moreover, a large majority of sires and dams were also genotyped 
creating even more density in the combined relationship matrices.

Heritabilities, genetic and phenotypic correlations of the 17 traits 
and associated p-values (Table 2) were directly computed from esti
mated variance components G0 and R0. Heritabilities ranged from 0.16 
to 0.66, genetic correlations from − 0.90 to 0.97 and phenotypic corre
lations from − 0.64 to 0.73. Out of the 17 heritabilities, most (11) were 
significant (p < 0.05) including very highly significant (p < 0.001) for 
two. Out of the 136 phenotypic correlations, 77 were significant (p <
0.05), most of which (40) were very highly significant (p < 0.001). Out 
of the 136 genetic correlations tested, the majority (129) were not sig
nificant, only three correlations had p < 0.05, and four showed a trend 
towards significance, i.e., p < 0.1. P-values associated to phenotypic 
correlations between traits were generally indicating significance, most 
likely due to common environmental effects. In contrast, since p-values 
for most of genetic correlations were high, these correlations were 
generally less significant, indicating a more limited and less certain 
shared genetic basis among the studied traits. However, strong evidence 
suggests that VOCs jointly contribute to the boar taint perception 
(Rodrigues et al., 2024) which motivated our development of a pooling 
method to study the genetic relationships of VOCs with other boar taint 
phenotypes considering them as a whole.

The heritability of LSS was estimated at 0.16 (low) while heritabil
ities for ISA traits were moderate to high (0.44–0.53) and at least highly 
significant (p < 0.01). The genetic correlations between ISA traits and 
LSS were medium to strong (0.59–0.82) and significant for IND and SKA 
(p < 0.05) but not for AND (p < 0.1) which showed only a trend. 
Phenotypic correlations between LSS and ISA quantification were 
moderate (0.25–0.36) and very highly significant (p < 0.001). These 
expected results as ISA traits are considered important as important 
components of boar taint perception. Results are in line with Windig 
et al. (2012) who found similar genetic parameters of boar taint phe
notypes even though different methods were used. It appears that when 
selecting for a lower boar taint incidence, selection should mainly affect 
SKA and to a lesser extent the other compounds. Although LSS are less 
accurate, especially due to potential false negatives, they are widely 
available, obtained in a time-efficient manner (Burgeon et al., 2021a) 
and they may reflect more accurately final consumers’ perceptions of 
boar taint. Finally, LSS can be useful for genetic selection against major 
compounds responsible for boar taint since this trait was found to be 
strongly correlated with ISA traits.

Heritability estimates of the 13 VOC traits (C1 to C13) were mod
erate to high (0.33–0.66), some of them were significant (7; p < 0.05), 
the others were showing a trend towards significance (1; p < 0.1) or 

Table 1 
Descriptive statistics of the 17 transformed traits before standardisation.

Trait N Mean Standard 
Deviation

Minimum Maximum

Snell(LSS) 1269 0.27 0.66 0.02 2.71
Log10(IND) 

(ppb)
308 1.39 0.71 0.39 3.03

Log10(SKA) 
(ppb)

308 1.80 0.94 − 0.06 3.47

Log10(AND) 
(ppb)

308 3.00 0.60 0.70 3.91

Log10(C1) 127 5.01 0.32 4.14 5.74
Log10(C2) 127 4.55 0.34 3.72 5.27
Log10(C3) 127 4.65 0.26 3.94 5.24
Log10(C4) 127 4.94 0.34 3.62 5.71
Log10(C5) 127 5.35 0.24 4.79 6.05
Log10(C6) 127 5.05 0.35 4.36 6.24
Log10(C7) 127 4.83 0.30 4.25 5.99
Log10(C8) 127 4.61 0.26 3.76 5.66
Log10(C9) 127 4.57 0.29 3.80 5.13
Log10(C10) 127 4.89 0.22 4.38 5.40
Log10(C11) 127 4.14 0.20 3.66 4.75
Log10(C12) 127 5.91 0.37 3.86 6.50
Log10(C13) 127 5.54 1.03 3.67 7.11

Abbreviations: LSS: Lab sensory score; IND, SKA and AND are compounds 
measured by ultra-high-performance liquid-chromatography tandem mass 
spectrometry; IND: Indole; SKA: Skatole; AND: Androstenone; C1-C13 are 
compounds measured by headspace solid-phase microextraction in combination 
with comprehensive two-dimensional gas chromatography–time–of–flight mass 
spectrometry; C1: Androstenone; C2: Skatole; C3: 2-Aminoacetophenone; C4: 
Indole; C5: Benzonitrile; C6: 2,5-Dimethyl-pyrazine; C7: 1-Methoxy-4-methyl- 
benzene; C8: 2-Propenyl-benzene; C9: 2,3-dimethylphenyl isocyanate; C10: 
Benzenemethanol; C11: Biphenyl; C12: Pyrazine; C13: 2-Dodecanone.

Fig. 2. Evolution of the convergence during variance component estimations by BLUPF90+.
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stayed non-significant (5). Genetic correlations of VOC traits were non- 
significant or tend to significance (p < 0.1). To the author’s knowledge, 
no previous studies have reported any genetic correlations for most of 
these compounds. Although the stable execution of the REML algorithm 
(Fig. 2) during the estimation of covariance, we currently cannot make 
reliable assumptions based on the results.

3.3. Establishing selection index equations

The transformation matrix (T) obtained in this process and applied to 
17 traits (i.e., LSS, ISA and VOC traits) to generate the pooled boar taint 
traits (i.e., ISA index and VOC index) represented the following relative 
contributions to LSS as reported in Table 3. This approach enables the 
calculation of coefficients using the covariance vector between the trait 
of interest (LSS) and the other traits (ISA or VOCs), together with the 
covariance matrix among the explanatory traits (ISA or VOCs). It allows 
the partial effect of each explanatory variable on LSS to be obtained 
while taking into account the interdependencies among these variables. 
These coefficients reflect the influence of each ISA or VOC compound on 
LSS, depending on the index, and allow the isolation of the direct effect 
of each variable. For each index, the coefficients were related to the total 
prediction of LSS.

The relative contributions of ISA traits to LSS were as follows: SKA 
contributed 34.3 %, IND 21.8 %, and AND being slightly less important 
(17.9 %), resulting in a total of 74.0 % all combined. These results were 
supported by previous studies (e.g., Bonneau et al., 2000; Burgeon et al., 
2023a; Mathur et al., 2012; Markey et al., 2025; Mörlein et al., 2016a). 
These studies also highlighted also that SKA is a higher contributor to 
the boar taint phenotype than AND. These coefficients in this repre
sented the relative importance of the relation between ISA or VOC traits 
and LSS and use the genetic relationships between these traits to build 
the index. This is why, although the two traits may be correlated, the 
contribution from partial coefficients may differ greatly. Therefore, 
these coefficients more accurately reflect the relationships between 
traits because they take into account the structural dependence between 
the compounds.
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Table 3 
Relative contributions to LSS of each compound for the two indices.

Compounds Relative contribution to LSS

UHPLC-MS/MS IND 21.8 %
SKA 34.3 %
AND 17.9 %
Total 74.0 %

HS-SPME-GCxGC-TOFMS C1 3.6 %
C2 14.4 %
C3 1.6 %
C4 2.2 %
C5 2.9 %
C6 6.2 %
C7 2.9 %
C8 24.1 %
C9 9.1 %
C10 3.9 %
C11 0.8 %
C12 6.3 %
C13 12.3 %
Total 90.3 %

Abbreviations: LSS: Lab sensory score; IND, SKA and AND are compounds 
measured by ultra-high-performance liquid-chromatography tandem mass 
spectrometry (UHPLC-MS/MS); IND: Indole; SKA: Skatole; AND: Androstenone; 
C1-C13 are compounds measured by headspace solid-phase microextraction in 
combination with comprehensive two-dimensional gas chromatogra
phy–time–of–flight mass spectrometry (HS-SPME-GCxGC-TOFMS); C1: Andros
tenone; C2: Skatole; C3: 2-Aminoacetophenone; C4: Indole; C5: Benzonitrile; C6: 
2,5-Dimethyl-pyrazine; C7: 1-Methoxy-4-methyl-benzene; C8: 2-Propenyl-ben
zene; C9: 2,3-dimethylphenyl isocyanate; C10: Benzenemethanol; C11: 
Biphenyl; C12: Pyrazine; C13: 2-Dodecanone.
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On the other hand, the relative contributions of VOC traits to LSS 
vector were ranging from over 20 % for C8 to below 1 % for C11, for a 
total of 90.3 % when considering all VOCs together. Most important 
compounds were C8, C2 (i.e., SKA equivalent) and C13 (>10 %), but 
many other compounds contributed between 2 % and 9 %. Even if these 
results are preliminary, when compared to the other 16 traits, C8 had a 
strong genetic contribution to LSS. As previously indicated C2, as its SKA 
equivalent, is also one of the main contributors which highlighted again 
this compound for its crucial importance.

The observed differences in contributions between ISA index and 
VOC index can be explained by various factors such as initial measure
ment methods and interdependencies between compounds. The ISA 
index includes well-known indolic relationships, i.e., SKA and IND, as 
well as AND which are interdependent into synthesis systems. However, 
when other compounds are present, the coefficients indicate only the 
relative importance within the index, taking into account the differences 
in compounds volatilisation and their interactions, as well as the inter
dependence of correlations between compounds. For example, C4 and 
C3 (i.e., IND equivalent and 2-aminoacetophenone) participate in the 
synthesis and degradation cycle of C2 (i.e., SKA equivalent) (Wesoly and 
Weiler, 2012) and C2 is also influenced by C1 (i.e., AND equivalent) 
regulation, including at the level of gene expression (Zamaratskaia and 
Squires, 2009.; Duarte et al., 2021). This implies that these compounds 
are genetically interrelated and contribute to the VOC index. For C8, but 
also other VOCs, these findings could be due to metabolic pathways, 
sensory interaction (e.g., C8 or similar aromatic compounds might in
fluence the sensory perception of boar taint by our assessor) or even 
joint genetic x environmental factors (e.g., food affecting jointly the 
levels of aromatic compounds in pigs, which in turn could correlate 
genetics with the levels of boar taint compounds). Obviously, these 
contributions are very preliminary results, but above all they indicate 
that all VOC traits together contribute to LSS, and thus boar taint 
perception, with a variable relative importances.

3.4. Estimating genetic parameters using ISA and VOC indices

Heritabilities, genetic and phenotypic correlations of LSS, ISA index 
and VOC index traits are reported in Table 4. The heritabilities were 
moderate to high (h2

LSS= 0.15±0.04;
h2

ISA index= 0.52±0.12; h2
VOC index= 0.61±0.13). Genetic correlations 

were high (0.86–0.97) and phenotypic correlations were moderate to 
high (0.30–0.72). Their p-values were highly significant for all herita
bilities, genetic and phenotypic correlations. It must be stressed that p- 
values were strongly reduced when comparing the estimates relative to 
the VOC index with the initial (co)variance components relative to VOC 
traits which leads to high significance of relationships (see Table 4 vs. 
Table 2). This supports the hypothesis that considering all the VOC traits 

together, i.e., pooling them, enhances their usefulness as a novel pre
dictor of LSS. Although the small dataset introduces considerable un
certainty in the genetic correlation estimates, pooling them partially 
reduces this uncertainty. The usual traits, LSS and ISA, were highly 
genetically correlated as reported previously for the separate traits 
(Duarte et al., 2021; Markey et al., 2025). Although selection based on 
LSS as a single trait would be less accurate due to its lower heritability, 
this phenotype is widely available, less time-consuming and takes into 
account synergetic effects between compounds (Burgeon et al., 2021a). 
It reflects at least partially the “boar taint” in consumers’ perceptions 
(Mörlein et al., 2014). Haberland et al. (2014), found to be useful for 
genomic selection against boar taint. Comparing the VOC index to the 
ISA index, genetic correlations with LSS were higher for VOC index. As 
also heritability tended to be higher for the VOC index, considering only 
this aspect, the use of VOC for genetic selection could be preferred to 
ISA. The relative heritability of the VOC index indicated a predominant 
genetic influence on their presence. A strong genetic correlation be
tween LSS with the VOC index indicated their strong influence on LSS. 
Using standard SI-formulas (Van Vleck, 1993) to estimate the correlated 
response on LSS, the relative advantage of also selecting for the VOC 
index can be approximated as 1.2 times that of using also the ISA index. 
This is based on a correlated response of 192 % for VOC index compared 
to 160 % for ISA index, both expressed relative to the direct response of 
LSS here put to 100 %. Moreover, strong genetic relationships appear 
between the ISA and VOC indices, as evidenced by their high genetic 
correlations, which are partially explained by their common composi
tion. However, other influences of some other VOCs cannot be excluded. 
Considering odour in its globality and the knowledge already acquired 
on the subject of these compounds, boar taint is characterized by faecal 
(SKA, IND) and urinary (AND) flavour, but also foxy (2-amino
acetophenone) (Mörlein et al., 2024), roasted (C6) (Gerlach et al., 
2016), floral (C10) and ‘orange, grass, fresh’ odours (C13) (Rodrigues 
et al., 2024). Indeed, the VOC olfactory activity, their volatility, in
teractions and concentrations should be studied for their influence on 
perception too (Mörlein et al., 2014, 2016a, 2024). Such in-depth 
studies are now possible thanks to technological progress (Burgeon, 
2022).

3.5. Limitations and implications for future studies

Our exploratory study produced preliminary results that, although 
encouraging, require the availability of more data to be confirmed and 
expanded. We believe that, even if the amount of data is particularly 
limited, the publication of these preliminary results can generate further 
interest and contribute to existing knowledge. Moreover, the research 
presenter here goes beyond most previous studies which only focuses on 
analysis and phenotyping, by exploring the underlying genetic structure 
associated with the genetic expression of the complex phenotype rep
resented by compounds related to perception of boar tainted pig fat. 
However, the data presented here suggests that this phenotype is more 
complex than it seems. This complexity is not yet fully integrated into 
current statistical approaches either. This finding highlights the need for 
methodological tools that can account for this multidimensionality, as 
we did by developing pooling approaches. These prospects highlight the 
importance of pursuing further research with larger and more diverse 
samples to validate the present findings on the usefulness of pooled 
phenotypes. Several directives for future work can be identified to 
expand and refine our study. A first improvement would be increasing 
the number of VOC records to increase reliability of the variance 
component estimations associated with these traits. Otherwise, 
increasing the number of assessors for sensory evaluations should 
improve knowledge on associated perception with compounds. Indeed, 
the boar taint characterization by assessors differs for each person. The 
presence of other potential compounds responsible for boar taint 
perception or amplifying its perception then studied, was reported in 
VOC profiles studies (Burgeon et al., 2021b, 2023a, 2023b; Rius et al., 

Table 4 
Heritabilities (on the diagonal), genetic (above) and phenotypic (below) corre
lations of lab sensory score, indole, skatole and androstenone measured by ultra- 
high-performance liquid-chromatography tandem mass spectrometry based, and 
compounds measured by headspace solid-phase microextraction in combination 
with comprehensive two-dimensional gas chromatography–time–of–flight mass 
spectrometry based indices.

LSS ISA index VOC index

LSS 0.15*** 0.86*** 0.95***
ISA index 0.40*** 0.52*** 0.97***
VOC index 0.30*** 0.72*** 0.61***

Following rules of signification were applied: × p < 0.10; * p < 0.05; ** p < 0.01; 
*** p < 0.001.
Abbreviations: LSS: Lab sensory score; ISA: Indole, skatole and androstenone 
measured by ultra-high-performance liquid-chromatography tandem mass 
spectrometry; VOC: Volatile organic compounds measured by headspace solid- 
phase microextraction in combination with comprehensive two-dimensional 
gas chromatography–time–of–flight mass spectrometry.
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2005; Rius Solé and Garcia Regueiro, 2001). This also highlights the 
limitations of sensory analyses, which depend on protocols that influ
ence perception and VOC release, accuracy and reliability of the method 
(Heyrman et al., 2020; Mörlein et al., 2014; Mathur et al., 2012). As 
previously demonstrated by different studies (e.g., Haberland et al., 
2014; Markey et al., 2025; Windig et al., 2012), the use of sensory scores 
in a genetic context is feasible, and multidimensionality assessed by 
several different evaluators is a potential solution to this issue. As shown 
in Markey et al. (2025), optimizing the combination of assessors by 
using three best combination of assessors out of ten, enabled the gen
eration of a qualitative boar taint reference phenotype with an herita
bility up to 0.40. Additionally, other largely unexplored phenotyping 
tools exist such as electronic noses and sensors (Burgeon et al., 2021a). 
Those tools could take into account the multidimensionality of the boar 
taint phenotype. Currently however, most of these novel tools have not 
been the investigated in the context of genetic studies to determine their 
usefulness in selection. These tools could help to overcome the major 
issue to obtain enough data to calculate more robust individual genetic 
parameters. More data would also allow to do genome wide association 
studies (Botelho et al., 2022; Groβe-Brinkhaus et al., 2015; Faggion 
et al., 2023) which could on one hand allow complementary research on 
the genetic background of these compounds and on the other hand 
develop efficient gene-informed genomic selection (Zheng et al., 2024). 
Finally, an area in which future research could future refine our study is 
the pooling strategy. Although our coefficients were based on an opti
mised genetic prediction of LSS, the reference trait remained pheno
typic. Consequently, the pooling strategy cannot be easily applied to 
heterogeneous datasets (such as is the case here with missing data for 
some traits to assess the boar taint phenotype). Yet, this situation 
frequently arises in practical settings, as it is the case here in routine 
selection against boar taint, that often excludes costly analysis to be 
performed on all animals, leading to heterogeneous dataset.

4. Conclusion

This exploratory study generated preliminary, yet insightful results 
revealing that the previously identified novel compounds could 
contribute to the genetic evaluation of boar taint. This study confirmed 
that ISA traits are moderate to high heritable and strongly correlated 
with LSS. In comparison, new VOCs were highlighted for their potential 
genetic relationship with boar taint (i.e., LSS and/or ISA) and at least 
similar level of heritability as ISA traits. However, given the limited data 
availability in our exploratory study, the estimation of variance com
ponents, while stable and convergent, lead to non-significant relations 
for certain traits. The use of a SI-based pooling method allowed to es
timate variance components for indices pooling ISA and VOC traits and 
to study their response to LSS, chosen as reference. Some remarkable 
contribution (>10 %) from compounds as C2 (equivalent SKA) but not 
exclusively, were used in the prediction equation. After estimation of 
components for indices, the results showed that the selection on VOC 
index could generate a strong response for LSS (i.e., reducing boar taint 
risk), stronger than when using the ISA index. These results highlight the 
potential use of VOCs, currently obtained by relatively laborious and 
costly methods. However, technologies are progressing and, under the 
condition such as low price, high-throughput could be developed, 
pooled VOCs could replace ISA traits in routine breeding applications. 
Moreover, the results demonstrated that this indirect response to se
lection would be stronger using VOC index than with the ISA index. 
More research is required, but this exploratory study already suggested 
that there is reasonable evidence to collect more VOC data enabling 
further research.
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