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Abstract

The tetraploid Adriatic sturgeon, Acipenser naccatrii, is an endemic species
of the North Adriatic region, which has experienced a dramatic population
decline in the past 50 years. It is currently classified as ‘Critically
Endangered’ in the IUCN Red List. The species has been targeted by
several conservation efforts and reintroduction interventions, but its future
still relies on the correct ex-situ management. Next generation sequencing
technologies and the latest genomic tools provide valuable resources to
assist conservation plans, as they allow us to screen the genome and reveal
new insights into the accumulation patterns of mutations in declining
populations, and on how the mutation load affects individual fitness. The
present work is part of the PRIN project EndemixIT, which aims precisely to
apply conservation genomics to five Italian endemic species. Even if whole-
genome data can be used to predict the genetic load in endangered
populations, the relationship between these predictions and the real fithess
of the individuals is still poorly investigated. The present work aims to fill this
gap predicting the genetic load and estimating the fitness in the offspring
captive stocks of A. naccarii. Six pairs of individuals were selected to
perform 12 different crosses. The genomes of the parental individuals were
screened to obtain a panel of SNPs with alleles predicted to have different
levels of negative effects on the fitness. Offspring individuals were
genotyped-by-sequencing at the SNPs panel, and their survival and growth
rates were recorded. A global negative correlation between predicted load
and fitness was found, but different crosses showed different patterns and

more detailed analyses of specific genetic variants are required.



1. Introduction
1.1 Preamble

Biodiversity is threatened worldwide due to human footprint. Climate
change, overexploitation and habitat degradation are leading to the Earth’s
sixth mass extinction (Barnosky et al., 2011). According to the IUCN Red
List of Threatened Species (International Union for Conservation of Nature
(IUCN)., 2023), 45,300 out of the 163,000 species assessed are currently
threatened with extinction. Conservation efforts will benefit from the latest
genomic technologies (Supple & Shapiro, 2018). In fact, thanks to the
enhanced resolution provided by genomic tools, researchers can detect
fine-scale genetic variations and evolutionary patterns that were previously
undetectable (Allendorf et al., 2012). This allows to explore new questions
about the genetic basis of adaptation, the impact of genetic drift, and
inbreeding in small populations (Shafer et al., 2015). Additionally, genomics
helps assessing the adaptive potential of declining populations to respond
to environmental changes, such as climate change and habitat loss (Supple
& Shapiro, 2018).

In this context, the EndemixIT  project was established

(https://fendemixit.com/). This conservation genomics project, funded by the

Italian Ministry of Education, University and Research (PRIN programs),
engages six Italian universities (University of Ferrara, University of Padua,
University of Florence, University of Trieste, Polytechnic University of
Marche, University of Rome ‘Tor Vergata’), and is coordinated by Professor
Giorgio Bertorelle from the University of Ferrara. The general aim of the
project was to study the genomic variation and patterns in five endangered
Italian endemics. Among the more specific objectives, EndemixIT
investigated the genome-wide dynamics of accumulation of genetic load in

small populations and its effects on individual and population fitness.

Indeed, small and endangered populations are likely to enter the so-called
‘extinction vortex’: due to reduced population size, genetic drift acts as the
major force shaping the composition of the genetic pool in the population,
reducing the efficiency of natural selection and possibly leading to the
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accumulation of deleterious mutations (the mutation load). This process
hampers individual and population fitness, leading to a further decline in
population size and, ultimately, to extinction (Frankham, 2005; Gilpin &
Soulé, 1986; Lynch et al., 1995).

Therefore, understanding the pattern of accumulation of mutation load can
help designing conservation plans aiming to prevent genomic erosion, thus

reducing extinction risk.

One of the species addressed by the EndemixIT project is the tetraploid
Adriatic sturgeon, Acipenser naccarii, which is considered to be at risk of
extinction. The species is, in fact, currently classified as ‘Critically
Endangered’ by the IUCN Red List (International Union for Conservation of
Nature (IUCN)., 2023) and is included in Appendix Il of the Convention on
International Trade of Endangered Species (CITES). Within EndemixIT, A.
naccarii was targeted through an in vivo study aiming to examine the
mutation load segregation pattern and the relationship with individual

fitness, performing controlled inbred and outbred crosses.

The work presented here has been carried out within the described
framework and was conducted in collaboration with the University of
Ferrara, in parallel with another master thesis project (Bordogna, Federica.
Deleterious mutations in the tetraploid Adriatic sturgeon (Acipenser
naccarii): from bioinformatic predictions to real phenotypic effects. 2024.

University of Bologna, Master’s thesis).

1.2 Acipenser naccarii and its conservation status

The Adriatic sturgeon, Acipenser naccarii, is an ltalian representative of the
taxon of Acipenseriformes, endemic to the northern Adriatic region.
Acipenseriformes are a distinctive order of chondrostean ray-finned fishes,
inhabiting freshwater and coastal environments across the northern
hemisphere. This lineage includes 26 extant species (25 sturgeon species
and one paddlefish species) and, placed at the base of the ~30,000 modern

teleost species, is noteworthy for its evolutionary significance.



Acipenseriformes are commonly referred to as ‘living fossils’ due to
their almost unchanged morphology with respect to fossil records dated
approximately 200 Mya (Gardiner, 1984), and in light of the slower rate of
molecular evolution observed (Krieger & Fuerst, 2002). Moreover, these
species exhibits different levels of ploidy, with taxa having up to 380
chromosomes (Du et al., 2020) due to multiple whole-genome duplication
events, occurred independently in diverse branches of this clade (Peng et
al., 2007).

Unfortunately, the order of Acipenseriformes has been significantly
impacted by human activities: in the past century, overexploitation for caviar
and meat, illegal trade, habitat modification, and pollution led to severe
declines in these species. Twenty out of 26 species are classified as
Endangered or Critically Endangered in the IUCN Red List (IUCN). Lately,
the IUCN Sturgeon Specialist Group reported a continued decline in
paddlefish and sturgeon populations (Congiu et al., 2023). The Chinese
paddlefish Psephurus gladius, and the Dabry sturgeon, Acipenser
dabryanus, both endemic to the Yangtze River, are, respectively, Extinct and
Extinct in the Wild. The eight European species, though being targeted by
conservation efforts since 1992, are either Endangered or Critically
Endangered, according to the latest IUCN update of IUCN Red List
(International Union for Conservation of Nature (IUCN)., 2023). North
American species present a somewhat better condition than Eurasian ones,
resulting from prompter conservation efforts; nevertheless, their situation

has also seen a further decline.

Up to 50 years ago, A. naccarii was commonly found in the Po River and its
tributaries, and in the eastern coast of the Adriatic Sea. But habitat
modification, overfishing, and pollution have almost led the species to
extinction (Boscari et al., 2015).

This species is anadromous, meaning that it needs to migrate to a
freshwater basin to spawn. The construction of dams and barriers to
migration is a well-known cause of habitat disturbance for sturgeon species

and it is considered one of the main factors contributing to wild populations



decline, having caused alteration or even destruction of spawning sites
(Williot et al., 2002). For example, since 1960s the Isola Serafini Dam
(Piacenza, ltaly), in the Po River, has prevented A. naccarii’s migratory
movements, severely reducing spawning substrates (Lohe, 2021). A fish
passage has been constructed to restore connectivity but it is possibly not
suitable for Adriatic sturgeon, given their large size at maturity; thus the
presence of the dam continues to modify Adriatic sturgeon’s habitat (Lohe,
2021). An additional threat to the recovery of this species is represented by
climate change, since sea level rise is projected to modify salinity in
estuarine habitats and increased nutrient load from human activities will
cause expansion of hypoxic areas (IPCC, 2023). Warmer and more hypoxic
waters have been shown to cause developmental impairment and reduced
survival of early life stage in Adriatic sturgeon (Delage et al., 2020).

The captive breeding program started in 1977 prevented the
extinction of the species. Initially, 90 wild immature individuals (FO) were
transferred to a private aquaculture plant, the Azienda Agricola V.I.P.
(Orzinuovi, Brescia, Italy); 50 of them reached maturity and the first
successful reproduction in captivity occurred in 1988. Since then, several
F1 stocks were generated crossing FO breeders, and over 500,000
individuals have been released in the wild (Arlati & Poliakova, 2009). All the
F1 individuals currently present in aquaculture facilities in Italy and abroad
descend from the FO stock, now reduced to thirteen animals, which
represent the last individuals of clear wild origin. Though the genetic
variability of F1 stocks’ is significantly reduced compared to the stock of wild
origin, due to lack of genetic support in the past reproductions (Boscari &
Congiu, 2014), this species is showing sporadic signs of recovery. Indeed,
its status in the IUCN Red List has recently been updated from ‘Extinct in
the Wild’ to ‘Critically Endangered’, having found juveniles linked to natural

reproduction in the Po basin (Congiu et al., 2021).



1.3 Genetic load and its consequences on fithess

Mutations are the source of genetic variation, which provides the raw
material for adaptation and evolution. However, most mutations occurring
across the genome are detrimental (Bataillon & Bailey, 2014; Kimura, 1977).
Deleterious mutations, except for those with lethal effects, can remain in a
population until they are wiped out by selection, and, in the meantime, new
mutations appear, thus they are always present and are likely to affect
individual fitness, population abundance, and extinction risk (Agrawal &
Whitlock, 2012). Therefore, understanding genetic load is relevant for
conservation biology, and research directed toward its accumulation and
purging dynamics is expanding to inform management practices for
threatened and declining populations.

Genetic load is defined in different ways. Put simply, it can be defined
as the decrease in the mean fitness of a population relative to the optimal
genotype, resulting from deleterious alleles. Genetic load is measured in
lethal equivalents which correspond to the sum of negative selection
coefficients of the deleterious alleles (Bertorelle et al., 2022), and it
encapsulates the combined effects of selection and dominance coefficients
of mutations throughout the genome, as a function of their frequencies. The
total genetic load can be partitioned into two components: the realized load,
which is the fitness reduction in the current population, and the masked
load, which represents the potential decrease in the mean fitness in future
generations due to the expression of deleterious mutation following
demographic events such as inbreeding or population decline (Bertorelle et
al., 2022). Theory and empirical data suggest that prolonged bottlenecks,
due to the conversion of masked load into realized load, may cause a
reduction in the total genetic load, through the purging of highly and mildly
deleterious mutations (Caballero et al., 2017), while slightly deleterious
mutations tend to accumulate through genetic drift (Dussex et al., 2023).
The impact of timescale, the strength of the bottleneck, and the balance
between genetic drift and selection (which depends on the distribution of
fitness effects of mutations) are crucial to understanding the pattern of



accumulation and purging of deleterious mutation, therefore the long-term

viability and persistence of the population.

Genetic load can be predicted from whole-genome data. To do so, several
tools have been developed, following mainly two types of approaches. The
firstis a comparative genomic approach, which relies on multiple alignments
and assumes that mutations occurring at conserved sites are those with a
higher impact on fitness. One of the most used methods based on the
evolutionary conservation approach is Genomic Evolutionary Rate Profiling
(GERP), which identifies sites under purifying selection, assigning to them
higher impact scores (Cooper et al., 2005). This method does not require
an annotated reference genome, thus being suitable for non-model
organisms, but the reliability of the link between substitution scores and
selection strength could be affected by possible changes in the selection
coefficient across lineages and by the presence of lineage-specific
adaptations.

Other methods rely, instead, on the prediction of fitness effects with
respect to protein-coding genes, hence they are based on functional
annotations and information from biochemical studies. In this way,
mutations are classified as synonymous or non-synonymous, and ultimately
categorized into impact classes (low, moderate, or high impact). An example
is given by SnpEff software, which supplies further information on the effects
of mutations, identifying variants such as missense, frameshift, stop-gain,

and stop-loss (Cingolani et al., 2012).

Linking predicted high deleterious variation with population fitness is not
straightforward, and though we are now able to interrogate the whole
genome to predict the effect of mutant alleles, direct insights about how
bioinformatically inferred mutation load impacts fitness in non-model
organisms are still limited.

Quantitative genetic studies have enhanced our comprehension of the
relationship between inbreeding load (which is the same as masked load)

and direct fithess estimates, in populations that experienced demographic



shifts and different levels of inbreeding. These load estimates are obtained
from the slope of the linear regression of phenotypic values used as proxies
for the fitness on pedigree-derived inbreeding coefficients (Nietlisbach et al.,
2019; Van Oosterhout et al., 2007; C. W. Fox et al., 2008).

Instead, genetic load estimates inferred from sequence data have
been rarely tested in their ability to predict real fithess consequences, and
this relationship has been validated mostly for known human disease-
causing variants or in model organisms (Kono & Al., 2018).

Doekes et al. (2021) compared, in a meta-analysis on livestock, pedigree-
based with SNP-based measures of inbreeding, finding a consistent trend
of declining fitness with increasing inbreeding; while Stoffel et al., (2021)
showed, through empirical data and simulations, that inbreeding depression
increases with Runs of homozygosity’s length, and that the latter is
associated with a higher amount of deleterious mutations, thus linking the

predicted mutation load with fithess with an indirect inference.

Estimating the genetic load from genome sequences s a relevant issue in
conservation biology: the load data can be used, for example, in captive
breeding programs to prevent gene pool deterioration, selecting individuals
with the lowest load as breeders. With appropriate breeding strategies, this
can be achieved while minimizing the cost of genetic variability reduction
(Van Oosterhout, 2020). Moreover, the use of this type of data can guide
genetic rescue programs, preventing the reintroduction of deleterious
mutations in the wild (Van Oosterhout, 2020).

1.4 Polyploidy: effects on fitness and challenges in genotyping

The genome of the Adriatic sturgeon is generally considered functionally
tetraploid, with a total of 240 chromosomes (Fontana et al., 1999).
Polyploidy arises as a consequence of whole-genome duplication (WGD)
events. The first event of WGD arose in the sturgeons’ common ancestor,
which had a chromosome number of 2n = 60. Subsequently, the Pacific and
Atlantic clade underwent secondary WGD events, which led to a total of 240

chromosomes (Peng et al., 2007). Currently, a debate between two distinct



positions exists regarding the number of chromosomes associated with
each ploidy level. While the first defines the nominal ploidy with respect to
the number of WGD events, the second is based on functional aspects and
defines the ploidy level in view of the number of gene copies observed to
be active through cytogenic analysis (Fontana et al., 2007). In this light, the
first position argues that species with 120 chromosomes should be
considered tetraploid, deriving from the first WGD event in the common
ancestor, thus species with 240 chromosomes would be octoploid. The
second point of view associates, instead, a state of diploidy and tetraploidy
to species with 120 and 240 chromosomes, respectively. These two
positions are not mutually exclusive and are both correct (Fontana et al.,
2008).

Poliploidy is agreed to have several downstream effects, such as
changes in gene expression and cell size, alterations in gene interaction
networks and epigenetics, and modified responses to environmental stress
(D. T. Fox et al., 2020).

Genome doubling has, consequently, an impact on the way deleterious
mutations affect the fitness of the individual. One of the reasons is the
buffering effect derived from gene redundancy (Comai, 2005). Additionally,
some authors claim that polyploids should suffer less of inbreeding
depression than diploids, due to the reduced probability to form full
homozygous genotypes (Clo et al., 2022). On the other hand, the masking
of mutant alleles observed in polyploids would allow mutations to persist in
the population and reach a higher frequency, which, over time, would
overcome the benefits of masking, and reduce the equilibrium fitness by a

higher degree with respect to diploids (Otto, 2007).

1.4.1 Genotyping in polyploids
Genotyping in polyploids is particularly challenging, given the existence of

different degrees of heterozygosity. In the case of biallelic SNPs, which is
what dealt with in this study, the tetraploid status implies up to five genotypic
classes at each locus: 0/0/0/0 (nulliplex), 0/0/0/1 (simplex), 0/0/1/1 (duplex),
0/1/1/1 (triplex), 1/1/1/1 (quadruplex). According to Matias et al. (2019),

nulliplex and quadruplex are, in theory, more likely to be unambiguously
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inferred, while a higher degree of uncertainty exists for the heterozygous
states. Specifically, tetraploid genotyping tends to suffer more from bias
against duplex genotype, being erroneously inferred as simplex or triplex
(Matias et al., 2019). To prevent biases in the assessment of allele dosage,
studies on autotetraploid crops recommended increasing sequencing depth
up to 50x-80x (Uitdewilligen et al., 2013; Bastien et al., 2018), but this
implies higher costs of genotyping. This issue could be circumvented
adopting a Bayesian approach, which would possibly allow to have no
missing data since, even when the read depth is zero, the most probable
genotype can be predicted from the priors. Moreover, using continuous
genotypes (i.e. genotypes expressed as continuous values rather than
discrete genotype classes) helps preventing genotypic class
misclassification even with low sequencing depths; for example, a study of
genomic prediction in the autotetraploid blueberry demonstrated that, using
this approach, a predictive accuracy similar to the one reached with higher
depths can be achieved under low-depth scenarios (6x-12x) (de Bem
Oliveira et al., 2020).

Softwares like polyRAD (Clark et al., 2019), specifically designed for
polyploids organisms, incorporate informative priors, allowing an accurate
genotype calling with low depth of coverage and, additionally, permit to take
in account specific issues of polyploid genomes. Moreover, the program
allows to export both the most probable genotype as well as continuous
numerical genotypes that incorporate the relative probabilities associated to

all possible allele copy numbers.

2. Aim of the thesis

Deleterious variation has a central role in hampering small population
viability and determining extinction risk. Supporting small populations
persistence, especially in the case in which they are destinate to remain
small and highly inbred, implies that efforts should be put towards mutation
load minimization (Kyriazis et al., 2020). Moreover, genomics-informed
conservation practices can diminish load and at the same time minimize

genome-wide diversity loss, hence are expected to become a significant
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instrument to promote long-term viability of captive populations (Speak et
al., 2024; Oosterhout, 2020).

The present work has been carried out within the framework of the PRIN

EndemixIT project (https://endemixit.com/), and has two main purposes: to

understand the relationship between bioinformatic predictions and the real
fitness, and, consequently, to obtain useful information for the correct
management and conservation of the Adriatic sturgeon. To accomplish this,
controlled crosses have been performed in the ex-situ managed Acipenser
naccarii, and the genomes of the selected breeders have been completely
sequenced. Then, a genotyping-by-sequencing (GBS) has been conducted
in the offspring and eventually the correlation between observed individual

fithess and bioinformatic predictions has been analysed.

3. Materials and Methods

3.1 Samples selection and fithess assessment
Twelve different crosses were performed from six pairs of first-generation

(F1) full sibs, selected from the stock kept in captivity at the aquaculture
plant ‘Storione Ticino’, obtaining six inbred and six outbred families. About
500 eggs from each cross were sampled, and hatched larvae were kept in
a controlled environment for two months.

Standard length and weight were measured as fitness proxies. Due to high
mortality in the first days, two families were reduced to a few individuals,
thus fithess assessments were only possible for ten out of the twelve initial
groups. The results shown here are relative to the latest measurements,
taken in July 2021.

Moreover, all dead larvae had been sampled and stored in ethanol, allowing
for the discrimination of two additional differentially performing categories,
that hereafter are referred to as Larvae, consisting of those individuals who
died before the yolk sac absorption, and Juveniles, which include the ones
who appeared best performing (in terms of growth rate) at the end of the

observations.
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At last, a total of 384 offspring individuals, from 10 different families, were

selected for genotyping.

3.2 Loci identification

The genomes of the twelve breeders have been completely sequenced
(lumina NovaSeq 6000 system at the University of Florence), producing
paired-end reads, with an average coverage of 34.9X (SD = 9.6) per
sample. The obtained reads were mapped with Burrows-Wheeler Aligner
(BWA) (Li & Durbin, 2009) to the closely related sterlet sturgeon, Acipenser
ruthenus, genome (Du et al., 2020). A de novo assembly of the Acipenser
naccarii genome is also part of the EndemixIT project, but it is currently
unavailable.

Variant calling has subsequently been performed, with the GATK
HaplotypeCaller tool (Ryan et al., 2018). A hard filtering has been carried
out, according to GATK Best Practices (Van der Auwera et al., 2013),
depending on the bases’ quality and excluding variants mapping in repeated
regions. Then, indels were discarded, and only biallelic SNPs were retained.
Only loci with a Genotype Quality (GQ) greater than 10 were selected, and
the impact of the variants was predicted with the SnpEff program (Cingolani
et al., 2012), so that each SNP has been classified as belonging to one of
the following categories of effects: High-impact variants, which include start-
codon loss and stop-codon gain mutations; Missense variants;
Synonymous variants, which serve as control.

1000 loci were selected to perform a genotyping-by-sequencing in the
offspring, according to several criteria: first, the locus had to be present in
every parental individual; then, we maintained only loci that could form
homozygous genotypes for the mutated allele in the offspring, and, for this
purpose, only loci with at least two mutated alleles in at least one parental
individual were kept. Loci were also divided into frequency classes, based
on the Allele Frequency (AF), which is computed as the ratio between the
count of the mutated allele in the sample (Allele Count, AC) and the total
number of alleles (or the number of all the possible positions, AN). The

obtained frequencies were divided into three ranges: 0 - 0.3, 0.3 - 0.7, 0.7 -
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1. All the High-impact mutations that fell into the higher frequency range
were discarded; this was done to prevent the possibility of having SNPs
miscalled as High, given that the presence of fixed, highly deleterious
variants with no visible consequence on fitness would have been doubtful.
For the same reason, loci in complete homozygosity for the alternative allele
in the breeders were also excluded. Additionally, the selected SNP had not
to be in linkage, thus they were filtered to map in a window of 100000 bp;
this was an attempt to avoid redundancy of the information carried from the
single SNP.

After these filtering steps, almost all of the High mutations were maintained
for genotyping, the missense and synonymous mutations were instead
randomly taken. A total of 400 High, 400 Missense, and 200 Synonymous

SNPs were in this way retained.

3.3 Allele dosage estimation

For these loci, the chosen offspring individuals were genotyped-by-
sequencing at ‘Floodlight Genomics LLC’ (Knoxville, TN, USA). The reads
thus obtained were mapped against the reference genome (Acipenser
ruthenus). At last, 798 SNPs were successfully amplified and sequenced,
with an average read depth of 43.6X (DS=18.3). The variant calling has
been performed with the GATK tool.

At this stage, the offspring genotyping was carried out, following two
different approaches.

First, the genotypes were inferred with the GATK HaplotypeCaller, as was
already done for the breeders. This approach led to a high amount of
missing data.

We therefore proceeded with a Bayesian approach, using the polyRAD
genotype calling tool (Clark et al., 2019). With this program, designed
specifically for polyploid organisms, it is possible to estimate the posterior
probability for each possible allele dosage class, using Bayes’ theorem (Box
1). For the present work, the prior was obtained from parental read depth of

the two alleles (which roughly represents the parental genotype), using the
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“PipelineMapping2Parents” pipeline, with default parameter values.

Segregation was assumed to be tetrasomic.

e P(G|D) = posterior
probability of the genotype

e L(D|G)P(G) = likelihood of
the observed distribution of
allelic read depth (D) if the

given genotype G were the

P(GID) = L(D|G)P(G)
(G|D) Yk_, L(D|G)P(Gy)

true genotype
e P(G) = prior probability of
the genotype

e k =possible genotypes

Box 1. Bayes’ theorem applied to genotype calling.

3.4 Post hoc filtering

Before proceeding with the downstream analysis, loci with excessively high
depth (3 standard deviations above the mean) were removed, to take into
account read misplacements errors. Then, we imposed various filters based
on the Minimum Likelihood Ratio (MLR) for determining parental genotypes
with confidence, and on the read depth (DP). The different filters’
combinations were inspected in order not to lead to an excessive amount of
missing data and to any bias towards specific genotype classes (Table S1-
S2). Only results relative to the most conservative filter are shown (Minimum
Likelihood Ratio = 10, DP > 10); the ratio of the depth threshold is based on
the observation that, when comparing GATK’s and polyRAD’s genotype

predictions, loci with excessively low read depth showed conflicting results.
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Original Filtered
dataset dataset
N° 798 727
tot Loci
fraction 1 0,83
N° 318 293
High Loci
fraction 1 0,86
N° 329 301
Missense Loci
fraction 1 0,82
N° 150 133
Synonymous| Loci
fraction 1 0,81

Table 1. Dataset size before and after the filtering steps, reporting the number of loci
present in at least one individual. The original dataset column refers to the data obtained
from the vcf file produced after the variant calling of the genotyped-by-sequencing loci and
used as input for PolyRAD genotype calling. The filtered dataset was obtained running the
PolyRAD pipeline and imposing the post-hoc filtering (details in the text). The “fraction”
rows show the proportion of loci retained, for each impact class, after filtering, relative to

the original dataset size.

3.5 Genetic Load proxies

At the individual level, the mean number of alternative alleles per locus, for
every impact class (High (H), Missense (M), Synonymous (S)), has been

calculated as follows:

MEAN_ALT = = 7% | Natoe (1)

i=1

with:

- Ny = number of alternative alleles at each locus, derived from the
most probable genotype (i.e. with the higher posterior probability), for
every k impact class (H, M or S)

- ny = total number of loci available for each k impact class in the

individual under consideration
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Subsequently, Ry and Ry, indexes were defined as the mean number of
alternative alleles at each H/M locus, standardized for the mean number of
alleles at each S locus. This type of standardization has been implemented
to identify the effects of deleterious mutation independently from the level of
synonymous, and therefore likely neutral, variation. Indeed, the total number
of Synonymous alternative alleles was found to be correlated with the
number of mutated alleles at High-impact (Spearman’s p = 0.565, p < 2.2e-
16) and Missense loci (Spearman’s p = 0.615, p < 2.2e-16).

1 n_H
R _n_—HZi;lNaltH
HS —

()

1 onS
n__sziélNaltS

1 n_M
_ _n_MZi; 1 Naitm
RMS -1 Zn_S N
ns“i=1 alts

The High[Missense]-Synonymous indexes were also weighted for the
posterior probabilities associated with each possible genotype at the given

locus.

, MW ALT iy
Welghted RH[M]S = W (4)
N

with:

- MWy, 7, = mean number of alternative alleles at locus, weighted for

the posterior probabilities associated to every possible genotype =

1 .

- DA NinPjn, ()
- n;, = total number of loci for each k impact class

- N;,, = number of alternative alleles associated with the j genotype, at

locus ny

"D, = posterior probability of the j genotype

The term Z{z 1Njnkpjnk in Formula (5) represents a calculation of the

continuous genotype, obtained weighting every possible allele copy

number at the given locus for the relative posterior probability.
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3.6 Statistical analysis

All analyses were performed using RStudio, R version 4.3.2 (2023-10-31
ucrt). First, the data were explored to inspect patterns, correlations, and
outliers. The individual F5M5_J13 was excluded from the analysis due to

the low number of loci retained after the post-hoc filtering steps.

With the purpose of examining the correlation between the computed
genetic load indexes and the fitness indicators, we fitted linear regression
models (Fitness ~ Load) using the ‘Im’ function from the stats R package.
For this part of the analysis, the dataset consisted only of Juvenile
individuals. We compared models based on genetic load proxies calculated

from discrete genotypes (Ryu)s) With models using proxies obtained from
continuous genotypes (weighted Rypys) to inspect differences in the

explanatory power of the two approaches. Parametric assumptions of
linearity, normality of residuals, and homoscedasticity were verified using
normal Q-Q plots, residual vs. fitted plots, the Shapiro-Wilk normality test
on residuals, and the Breusch-Pagan test (stats R package, Imtest package
(Zeileis & Hothorn, 2002)).

To test whether differences in individual performances were largely
influenced by the family factor, the interaction between the two explanatory
variables (Load Estimate and Family) was checked and found not
significant. Thus, only the additive effect was inspected. We therefore
computed a linear mixed-effects model using the ‘Imer’ function from the
Ime4 package (Douglas et al.,, 2015), with Family as a random factor
(Fitness ~ Load + (1 | Family)), to account for the fact that individuals from
the same family do not represent independent observations. For the same
purpose, we fitted a linear regression model (‘Im’) summarizing the mean

values in fitness indicators and load proxies for each family.

Then, we examined differences in mutation load between the two
differentially performing groups, Larvae and Juveniles. A Student's t-test
was computed, and whenever the explanatory variable had a frequency
distribution significantly deviating from a normal distribution, we used the
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Mann-Whitney U test from the stats R package. The latter was also
computed when parametric assumptions were met, to provide comparable
results.

Again, the effect of the Family as random factor was inspected through a

linear mixed effect model (Load ~ Group + (1 | Family).

4. Results and Discussion

4.1 Effect of the mutation load on individual Weight and Length

A variety of models were fitted to inspect the existing correlation between
bioinformatically derived mutation load estimates and fitness indicators.
Among the parameters measured to assess fithess, body weight and
standard length were chosen, and the relationship with mutation load has
been explored in parallel. Both body weight and standard length, are, by
themselves, incomplete to estimate fitness: the weight of an individual
strongly depends on its foraging ability, therefore, the presence of other
individuals in the same tanks can influence it, imposing competition
constraints. The individual length, instead, is not necessarily a predictor of
an animal’s health, as demonstrated by the presence of lean and possibly
unfit individuals with high values of length. These issues have been
overcome by selecting individuals with the highest weight, hence it is
reasonable to assume that, among the selected ones, the longest
individuals are also the fittest.

All the linear regression models computed showed a consistent, highly
significative pattern of decreasing fitness estimates as the genetic load
increased (Figure 1).

This pattern is in accordance with the putative effect of mutations: when
looking at the models’ results (Table 2), the effect of the genetic load
calculated on High-impact loci appears more evident as compared to
Missense loci, in terms of slope, p-value and R-squared. Additionally, the
correlation between estimated genetic load and fitness proxies seems more
robust when the models include load estimates derived from continuous
genotype (weighted Ry s) as explanatory variables (Figure 1C-D-E-F,
Table 2).
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Figure 1. Linear regression models displaying the relationship between genetic load,
estimated as Ryu)s (A, B, E, F) and weighted Rypys (C, D, G, H), and fitness parameters
(individual square-root weight (A-D) and individual length (E-H)). The blue line represents

the fitted values.
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Model name term estimate | std.error | t value p-value | R*2
(Intercept) 18,513 1,940 9,542 | 7,86E-18
sqrtWEIGHT ~ R_HS 0,106
R_HS 14,245 3,029 4,704 | 4,95E-06
(Intercept) 17,369 3,404 5,103 | 8,17E-07
sqQrtWEIGHT ~ R_MS 0,028
R_MS -9,374 4,010 -2,338 | 0,020471
SqrWEIGHT ~ (Intercept) 19,784 1,929 | 10,256 | 7,28E-20
i : 0,135
weighted R_HS ;"el'jfghted 16,094 2985 | -5392 | 2,09E-07
SQrWEIGHT ~ (Intercept) 23,483 3,699 6,348 | 1,61E-09
i . 0,072
weighted R_MS ;’eﬁ;ted 16,625 4369 | -3,805 | 0,000192
(Intercept) 47,154 3,691 12,775 | 2,84E-27
LENGTH ~ R_HS 0,131
R_HS -30,570 5,762 -5,306 | 3,15E-07
(Intercept) 42,596 6,573 6,481 | 7,88E-10
LENGTH ~ R_MS 0,027
R_MS 17,636 7,744 2,277 | 0,023902
LENGTH ~ weighted (Intercept) 50,387 3637 | 13,856 | 1,69E-30
- 0,174
R_HS ;’elfghted -35,323 5627 | 6277 | 2,34E-00
LENGTH ~ weighted (Intercept) 56,373 7,105 7,935 | 1,88E-13
i 0,081
R_MS ;"el"?;‘ted -33,965 8,391 -4,048 | 7,57E-05

Table 2. Linear regression model results, showing the correlation between the genetic

load estimates and the fitness proxies.

4.2 Effect of the mutation load on the condition
To test the impact of mutation load on survival, we inspected the differences

in the mean number of alternative alleles per locus, for each impact class,
between Larvae and Juveniles (Figure 2). The comparison was also
performed with the weighted mean number of mutated alleles per locus,
which takes into account the uncertainty in the allele dosage estimation
(Figure 3).

The difference between the genetic load expressed as mean number of
mutated alleles between Larvae and Juveniles appears to be significant for
High-impact loci (p < 0,05), when comparing the mean values derived from
discrete genotypes (Figure 2A). This suggests that individuals who died
before the yolk sac absorption carried a higher number of strongly

deleterious mutation. This difference does not hold, instead, for moderate-
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impact (Missense, Figure 2B) and for synonymous substitutions (Figure
2C), in accordance with our working hypothesis. However, the deleterious
mutation load does not seem to be significantly higher in Larvae when the
comparison is based on the mean number of alternative alleles weighted for
the posterior probabilities (Figure 3), in contrast with what we previously
observed (Figure 1, Table 2). Nevertheless, the p-value is close to
significance only for High-impact mutations (Figure 3A), and the differences
between the two groups appear to decrease with the predicted
deleteriousness of variants (Figure 3).

The weakness of the signal of mutations’ impact on the developmental
condition can be attributed to the fact that individuals with the highest load
(and a higher number of loci in complete homozygosity) for strongly
deleterious variants had possibly died before hatching. Unfortunately, we do
not dispose of DNA samples from unhatched eggs, hence this hypothesis
cannot be directly tested. However, some additional insights could be
gained in future analyses inspecting the correlation between the parental

load and data on hatching success.
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Figure 2. Effect of the mean number of alternative alleles per locus (MEAN_ALT) on the
condition (Larva vs Juvenile), for each of the three impact classes: High (A), Missense (B),

Synonymous (C).
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MEAN_ALT Larvae Juveniles
mean 0.6857025 | 0.6700119
High Mann Whitney U 0.02999307
p-value
Student's t 0.02812058
mean 0.8947363 | 0.8894891
Missense Mann Whitney U 0.4034761
p-value
Student's t
mean 1.048110 1.049274
Synonymous Mann Whitney U 0.6413722
p-value
Student's t 0.8349719
MW_ALT Larvae Juveniles
mean 0.7024806 | 0.6880219
High Mann Whitney U 0.07084244
p-value
Student's t 0.05309853
mean 0.9094865 ‘ 0.9032461
Missense Mann Whitney U 0.3084791
p-value
Student's t
mean 1.068054 ‘ 1.067199
Synonymous Mann Whitney U 0.8486746
p-value
Student's t

Table 3. Results of the models inspecting the difference in mutation load between Larvae

and Juveniles for each impact class of loci.

4.3 Family Effect

Our results suggested that a considerable amount of variation observed in
fithess performances is explained by the estimated deleterious mutation
load carried by individuals (Figure 1, Table 2). However, the effect of the

family factor needed to be considered, since individuals from the same

family do not represent independent observations.

Linear mixed effects models were explored, at first testing the interaction
effect between family and genetic load, which was found non-significant.
We consequently proceeded inspecting a mixed model including the

additive effect of family as a random factor. Results show that, even when
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taking family into account, an indication of significance of the correlation
between deleterious genetic load and fitness exists, although only for

models based on weighted Rys (Table 4).

Model name term estimate | std.error | t value | p-value

(Intercept) 12,983 2,059 6,305
SQrtWEIGHT ~ R_HS + R_HS -5,589 3,105 -1,800 0,072
(1] FAMILY) sd__(Intercept) 1,728

sd__Observation 1,820

(Intercept) 9,867 2,850 3,462
SQrtWEIGHT ~ R_MS + R_MS -0,531 3,289 -0,161 0,872
(1| FAMILY) sd__(Intercept) 1,838

sd__Observation 1,831

(Intercept) 13,743 2,214 6,209
SQrWEIGHT ~ weighted | Weighted R_HS | -6,720 3,332 2,017 | 0,044
R_HS + (1| FAMILY) sd__(Intercept) 1,685

sd__Observation 1,818

(Intercept) 11,403 3,329 3,425
SQHWEIGHT ~ weighted | Weighted R_MS -2,348 3,875 -0,606 0,545
R_MS + (1| FAMILY) sd__(Intercept) 1,809

sd__Observation 1,830

(Intercept) 34,332 3,975 8,638
LENGTH ~ R HS + R_HS -10,492 5,999 -1,749 | 0,080
(1] FAMILY) sd_(intercept) | 3,203

sd__Observation 3,519

(Intercept) 26,992 5,505 4,903
LENGTH ~ R MS + R_MS 0,763 6,351 0,120 0,904
(11 FAMILY) sd_(Intercept) | 3,563

sd__Observation 3,535

(Intercept) 36,546 4,261 8,578
LENGTH ~ weighted R_HS + | Weighted R_HS | -13,837 6,422 2,155 | 0,031
(1 | FAMILY) sd__(Intercept) 3,161

sd__Observation 3,512

(Intercept) 30,305 6,433 4,711
LENGTH ~ weighted R_MS + | Weighted R_Ms | -3,152 7,487 0421 | 0,674
(1] FAMILY) sd__(Intercept) 3,501

sd__Observation 3,536

Table 4. Linear mixed effects models exploring the correlation between fitness proxies and

genetic load at High and Missense loci, with Family as random factor.
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Intra-family correlations were also explored but found non-significant in
almost every case. In general, there seems to be a considerable variability
within families, but observations within each group are insufficient to reveal
any pattern (n < 20). For this reason, we summarized information from each
family (Figure 4) and found indications of persistence of the previously
observed pattern of fitness reduction with increasing genetic load, especially
for the Length variable (Figure 4A-D), while the pattern is less clear for the
Weight variable (Figure 4E-H).
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Figure4. Linear models summarizing the variation in fitness estimates with the increasing
mutation load among the different families. The blue line represents the fitted values,

while the grey band indicates the 95% confidence interval.

Family effect consists in the non-genetic source of variation in the offspring
condition, which can be from either parents. In particular, maternal effect
could affect egg quality and the early stage of development, through the
provisioning of nutrients, hormones and cytoplasm to the egg (Green,
2008). In this case, we cannot exclude some maternal effect, for example in
the quality of female 7 (F7); nevertheless, F7M7 and F7M8 families are also

the ones who display the highest genetic load at deleterious loci (Figure 4).

Linear mixed effect models were computed also to test the differences in
the mutation load between Larvae and Juveniles, with Family as a random
factor. When comparing the mean number of alternative alleles per locus,
the difference appears significant for High-impact loci (p = 4.692e-05), and
not for Missense (p = 0.06427) and Synonymous loci (p = 0.6755) (Figure
5). Consistent results were obtained testing the difference in the mean
weighted number of mutated alleles per locus (p = 0.0001775 for High-
impact loci; p = 0.02987 for Missense loci; p = 0.9529 for Synonymous loci;

results not shown).
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Figure 5. Effect plots for the linear mixed effects models inspecting the difference in the
mean number of alternative alleles per locus (MEAN_ALT), for each of the three impact
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“Condition” variable refer, respectively, to Larvae and Juveniles.

4.4 Considerations on the use of continuous genotypes
In our analysis we compared the explanatory power of genetic load

estimates based on discrete genotype calling (Ryps) with the one of
estimates based on continuous genotype calling (weighted Ryys). When

inspecting the relationship between individual weight and individual length

with genetic load, models including weighted Ryys @s explanatory variable

appeared to show a more robust correlation (Figure 1, Table 2). Likewise,
when introducing the Family factor, only models based on weighted genetic

load proxies show significance for High-impact loci (Table 4).

One of the aspects that makes polyploid genomes more complex than
diploid ones is the presence of genotypes with higher allele dosage and the
larger number of genotypic classes. Allelic dosage in polyploid organisms is
likely to have an impact on phenotype through the additive effect of multiple

copies of the same allele and though complex interactions between alleles
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(de Bem Oliveira et al., 2019). Accordingly, it is crucial to include reliable
information on allele dosage.

The assignment of genotypic classes based on NGS data in polyploids is
particularly challenging and often suffers from misclassification. The
uncertainty in estimating the correct number of allele copies at each locus
is further increased by complex inheritance patterns and genome multiplicity
(Njuguna et al.,, 2023). The use of approaches based on continuous
genotypes, which reflect the relative probabilities of all possible allele copy
numbers, rather than discrete values, can prevent misclassification thus
reducing genotype calling errors (Clark et al., 2019). Indeed, this type pf
approach have been proved successful in improving accuracy and
predictive ability in genomic selection and genome wide association studies,
compared to discrete genotype classifications (Njuguna et al., 2023; de Bem
Oliveira et al., 2019; Grandke et al., 2016). These findings, along with our
results, suggest that, when dealing with higher ploidy levels, taking into
account the uncertainty of allele dosage estimation and incorporating the
probabilities associated with each possible genotypic class into continuous
values, can provide reliable genotype calling and insights on the
relationships between genotypic and phenotypic information, even working

with low depth of coverage.

4.5 Assumptions and additional remarks
An accurate genotype calling in polyploids needs to take into account the

complexity of chromosomes’ behaviour during meiosis. Indeed, polyRAD
genotype calling tool (Clark et al., 2019) has been designed to model
different inheritance modes. In autotetraploids, like the Adriatic sturgeon, the
presence of four homologous chromosomes leads to tetrasomic inheritance
(meaning that all possible allelic combinations can be observed in gametes);
however, different degrees of preferential pairing are possible and
tetrasomic inheritance may shift to disomic for some chromosomes (Stift et
al., 2008). In the case of the Adriatic sturgeon, mixed inheritance patterns
have been revealed, but the majority of markers examined displayed
tetrasomic inheritance (Dalle Palle et al., 2022), making it reasonable to

assume a tetrasomic segregation pattern in order to simplify the analysis.
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A further consideration must be made about the fact that the impact
of the mutations here analysed has been inferred from the annotated
genome of the closely related Acipenser ruthenus (Du et al., 2020).
Therefore, we cannot exclude that an analysis based on an annotated
genome of Acipenser naccarii would lead to slightly different predictions. In
this context, more reliable predictions of the effect of the identified mutations
will be achieved once the de novo assembly of the Adriatic sturgeon
genome will be finalized.

An additional layer of complexity when trying to uncover the
dynamics that link deleterious variation with fithess impairment in sturgeon
species, arise from the intricate nature of the genome of these organisms.
Polyploidy and gene duplication are known to upset gene-interaction
networks, ultimately altering transcriptional patterns and resulting in some
genes’ expression levels increase or decrease (Wertheim et al., 2013). In

this light, some elucidations might come from transcriptomic analysis.

As previously mentioned, another master’s thesis work, besides the present
one, was conducted under the EndemixIT project. The work from Bordogna
represents a validation of the results presented here, given that similar
questions about the relationship between fitness indicators and mutation
load estimated were investigated. Differently from what has been done here,
Bordogna did not test the Bayesian approach for genotype calling but
managed data processed with the widely used Genome Analysis Toolkit
(GATK) (McKenna et al., 2010); however, the findings of the two studies

were consistent for almost all the issues addressed.
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5. Conclusions and future perspectives

This work has been carried out with the aim of increasing the knowledge on
the impact of predicted deleterious variants on the viability in non-model,
threatened animals. The availability at the ‘Storione Ticino’ aquaculture
plant of captive stocks of the critically endangered Adriatic sturgeon, which
possess a tetraploid, highly duplicated and complex genome, offered the
opportunity to better understand this relationship, which has also practical

implications for the ex-situ management of this species.

Our findings support the hypothesis that the global predicted number of
deleterious mutations can at least partially explain the difference between
individual fitness, and the observed correlation appears to weaken with the
putative impact of variants. Detected strongly deleterious mutations (High-
impact) seem to significantly impair development, with Juvenile individuals
possessing a lower mutation load as compared to individuals who did not
survive until the end of the experiment (Larvae). Additionally, the consistent
pattern of negative correlation between load estimates and fitness indicators
uncovered for Juvenile individuals, suggest that, among them, the best

performing ones may carry a diminished load.

We tested the potential of a Bayesian approach for genotype calling to deal
with low-depth sequencing data, which allows to infer reliable genotypes
while reducing the amount of missing data. This would possibly respond to
the need of increasing the number of genotyped individuals in a cost-
effective way. Moreover, the use of continuous genotypes, which
incorporate the relative probability of every possible allele copy number, has
shown to prevent genotype misclassification and increase the predictive

power when linking genotypic to phenotypic information.

At last, future analyses can be developed to uncover the impact of specific
genetic variants on fitness. This can be accomplished inspecting the
differences in the number of alternative alleles at each locus between
Larvae and Juveniles. This type of investigation aiming at identifying loci

with a significant impact on fitness can then be refined through a
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comprehensive Gene Ontology (GO) analysis of the identified loci. This
approach will provide deeper insights into the biological functions and
pathways associated with these loci, offering a more detailed understanding

of their potential roles in shaping fitness-related traits.

In conclusion, as some authors suggest (Kyriazis et al., 2020), when
populations are destined to remain small and highly inbred, conservation
efforts should concentrate on the minimization of strongly deleterious
variation. On this basis, we emphasize the relevance of improving our
predictive capacity of the effect of identified deleterious mutations. This is
crucial especially for species which persistence strongly depends on ex-situ
management, since it would help preventing gene pool deterioration and the

reintroduction of unfavourable mutations.
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Appendix

MinLikeRatio = 2

MinLikeRatio = 10

MinLikeRatio = 10

Table S1. Genotype count for each impact category (High, Missense, Synonymous), over
all samples, for each filter imposed. GT0-4 refers to the 5 genotypic classes (respectively:
nulliplex, simplex, duplex, triplex and quadruplex). The number of genotypes for each
impact class (N°) is reported, as well as the fraction of genotypes for each genotypic class

NoHighDP NoHighDP NoHighDP
MinLikeRatio = 1|DP > 5 DP>5 DP > 10
N° fraction |N° fraction |N° fraction |N° fraction
GT0[123629 1,00  [110929 0,90  |110360 0,89 106418 0,86
GT1|104408 1,00 97992 0,94  |95871 092  |94699 0,91
tot GT2|48350 1,00 |45602 0,94  |44264 092  [43420 0,90
GT3|10147 1,00 |9801 097 9642 095  [9405 0,93
GT4|698 1,00 [651 093 646 093  [569 0,82
GT0|57379 1,00  [52240 0,91  |51990 0,91 50350 0,88
GT1|4272 1,00 |40896 0,96  |40028 0,94  [39643 0,93
High GT2|13141 1,00 |12755 097 |12320 094  [12204 0,93
GT3|2275 1,00 |2230 098 [2216 097 [2186 0,9
GT4|68 1,00 |64 094 |64 094 |59 0,87
GT0[48315 1,00 |42796 0,89  |42601 0,88  |40944 0,85
GT1|42963 1,00 39739 0,92  |38945 0,91 38362 0,89
Missense  |GT2|22261 1,00 |20473 092 [19845 0,89  |19360 0,87
GT3|4990 1,00 |4794 096 4739 095  [4606 0,92
GT4|511 100 [472 092 |468 092  |401 0,78
GT0[17935 1,00 15893 0,89  |15769 0,88 15124 0,84
GT1|18724 1,00 17357 093 |16898 0,90  [16694 0,89
Synonymous |GT2(|12948 1,00 12374 096  [12099 093  [11856 0,92
GT3|2882 1,00 2777 096 |2687 093  |2613 0,91
GT4|119 100 115 097 |14 096  [109 092

maintained from the filter (relative to the less conservative filter).




MinLikeRatio = 2

MinLikeRatio = 10

MinLikeRatio = 10

NoHighDP NoHighDP NoHighDP
MinLikeRatio = 1|DP > 5 DP>5 DP > 10
N° fraction |N° fraction |N° fraction |N° fraction
tot [287232 1 264975 1 260783 1 254511 1
GT0[123629 04304 |110929 0,4186 |110360 0,4232 [106418 0,4181
GT1|104408 0,3635 |97992 10,3698 |95871 0,3676 94699 0,3721
tot
GT2|48350 0,1683 |45602 0,1721 |44264 0,1697 |43420 0,1706
GT3|10147 00353 |9801 0,037 |9642 0,037 |9405 0,037
GT4|698 00024 |651 00025 |646  0,0025 |569  0,0022
tot |115584 1 108185 1 106618 1 104442 1
GT0|57379 04964 |52240 10,4829 |51990 0,4876 |50350 0,4821
GT1|42721 0,3696 |40896 0,378 |40028 0,3754 |39643 0,3796
High
GT2|13141 01137 |12755 10,1179 [12320 0,1156 |12204 0,1168
GT3|2275 00197 |2230 0,206 |2216  0,0208 |2186  0,0209
GT4|68 0,0006 |64 0,0006 |64 0,0006 |59 0,0006
tot |119040 1 108274 1 106598 1 103673 1
GT0[48315 04059 |42796 0,3953 |42601 0,3996 |40944 0,3949
GT1|42963 0,3609 |39739 0,367 |38945 0,3653 |38362 0,37
Missense
GT2|22261 0,187 |20473 10,1891 |19845 0,1862 |19360 0,1867
GT3[4990 00419 |4794 0,0443 |4739  0,0445 |4606  0,0444
GT4|511 00043 |472 0,044 |468  0,0044 |401 0,0039
tot |52608 1 48516 1 47567 1 46396 1
GT0|17935 0,3409 |15893 10,3276 |15769 0,3315 |15124 0,326
GT1|18724 0,3559 |17357 10,3578 |16898 0,3552 |16694 0,3598
Synonymous
GT2[12948 02461 |12374 0255 |12099 0,544 |11856 0,2555
GT3|2882 00548 |2777 00572 |2687  0,0565 |2613  0,0563
GT4|119 00023 |115  0,0024 |114 00024 [109  0,0023




Table S2. Genotype count for each impact category (High, Missense, Synonymous), over
all samples, for each filter imposed. For each impact category, the distribution of the
inferred genotypes among the different genotypic classes (GT0-4) is reported. The fraction
is relative to the total number of genotypes inferred for every impact category and has been
computed to reveal the presence of biases in the filter imposed towards any of the
genotypic classes.



