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INTRODUCTION

India is endowed with a large inventory of farm animal genetic resources (FAnGR)
and is one of the 17 biodiversity hotspots ofthe world, with immense diversity in its flora and
fauna resources (Baltenweck et al., 2020). India currently has one of the largest and most
diverse livestock populations globally, with 230 registered breeds of livestock, poultry, and
dogs (NBAGR, 2025). Over the past several decades, the breeding program for dairy cattle
in India has focused mainly on increasing production of milk and milk products to support its
ever-growing human population. India is currently the largest producer of milk globally, accounting
for around 24.64% contribution to total production worldwide with 239.3 million metric tons
(BAHS, 2023). The Indian dairy sector has shown 3.78% annual growth rate, and a per
capita availability of around 471 gram milk per day with Uttar Pradesh, Rajasthan, and Madhya
Pradesh being the top contributors. Various crossbreeding experiments were started around
independence India wherein the adaptation of crosser of various indigenous cattle breed was
evaluated after mating with high producing exotic breeds like Holstein — Friesian, Jersy, and
Brown-Swiss. On similar lines, the Government of India (Gol) launched a program to cross
indigenous Hariana cattle with Holstein-Friesian, Brown Swiss, and Jersey breeds at multiple
locations and assess their adaptability and production performance under Indian conditions.
This initiative under the All-India Coordinated Research Project (AICRP) led to the development
ofan elite dairy cattle population named Vrindavani, capable of producing 3,000 kg or more

milk per lactation (Singh et al., 2011).

Variation plays a significant role in improving animal germplasm through meticulous

selection and mating plans. Understanding population structure and evaluating its variability is
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crucial for designing effective breed improvement programs (Cervantes €t al., 2016). Reliable
information on population parameters like inbreeding, effective population size, generation
interval, and other similar parameters is also important. Parameters of population structure
enable a better understanding of past (recent and distant) events that may have influenced its

genetic history and helped in evolution of the current genetic makeup (Ballou et al., 2010).

Scientific management of an animal population considers various genetic parameters,
which help predict the probability of genetic erosion in a population. Studying population
structure provides insight into significant events and the evolutionary timeline of the population
(Spehar et al., 2022). Genetic parameters can help predict the population potential of a
population indirectly, with decreased genetic variability and inbreeding resulting in lowered
reproduction performance (Poyato-Bonilla et al., 2020). Continuous monitoring of changes in
genetic diversity and population structure is necessary to gain insights into population evolution
and conservation strategies. However, complete pedigree information is required for efficient
and reliable predictions regarding population parameters and diversity estimates. Inaccurate
or incomplete information can lead to under- or over-estimation of these parameters, leading
to unreliable estimation and spurious inferences. In this context, genomic selection has become
a game-changing approach, allowing for more accurate predictions of breeding values and the
overall potential of populations. However, its effectiveness heavily depends on having reliable
pedigree records and a thorough understanding of population structure. When pedigree
information is missing or inaccurate, often the case with animals introduced into the field or
those with limited historical records, it becomes difficult to accurately calculate inbreeding
levels and other key genetic parameters. This not only reduces the accuracy of breeding value
predictions but also puts the genetic diversity and productivity of the population at risk. To fully
harness the benefits of genomic selection and support long-term genetic progress in animal
populations, it is crucial to maintain detailed pedigree records and continually improve methods

for analysing population structure and dynamics (Cervantes et al., 2011).

Milk production traits in dairy cattle are shaped by a complex interaction of quantitative
genes with minor effects and environmental factors. Genetic makeup serves as the foundational

resource for improving milk production performance, while environmental factors such as
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nutrition, management practices, and climate significantly impact these traits (Ibrahim et al .,
2024). Proper nutrition is vital for achieving optimal milk yield, while poor management and
seasonal fluctuations can hinder milk production (Zamoraro et al., 2023). Similarly, growth
traits, typically expressed as body weight and growth rate, are influenced by both genetic and
various non-genetic factors, including the year and season of birth, sex, age of the dam at
calving and sire interaction (Neser €t al., 2000). Reproductive traits, such as age at first
calving, dry days, intercalving period, and service period, serve as key indicators of female
fertility and are important in breeding programs (Gangwar et al., 2023). However, these traits
are often constrained by their late expression, low heritability, and negative correlations with
productivity, which complicates selection and genetic gain. The reproductive performance of
livestock has shown decreasing trend in both tropical countries as well as developed nations
(Fekadu et al., 2011). Genetic value for fertility trait is crucial for reducing involuntary culling,
improving replacement heifer availability, and accelerating genetic progress. Thus, understanding
genetic variability, covariances, and trends in performance traits is crucial for designing effective

breed improvement programs (Safari et al., 2007).

Improvement in dairy animal performance could be achieved by either improving the
environmental circumstances or the mean breeding values of population, or by a combination
ofboth, measures (Collier et al., 2006). Partitioning total phenotypic variation of economic
traits into genetic and non-genetic components is fundamental to understanding and optimizing
progress in various selection programs. The genetic evaluation of dairy cattle is influenced by
amultitude of factors, including additive genetic effects, maternal genetic influences, and various
environmental factors, which collectively shape their performance and overall productivity.
Fitting various genetic factors, that incorporate maternal effects, sire effects, and non-genetic
factors, improves the accuracy and reliability on covariance components and genetic parameters

for performance traits in dairy cows (Mohammadi et al., 2013).

Many computer programs based on restricted maximum likelihood procedures are
available for estimating (co)variance components and genetic parameters in animal breeding
using univariate linear models, including ASReml (Gilmour et al., 2009), DfReml (Meyer,
1991), and WOMBAT (Meyer, 2007). New methods for inspection and model evaluation

Population dynamics and genetic modelling of performance traits in Vrindavani cattle 6
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can help determine the best statistical model by assessing their suitability and accuracy. The
most recent and widely used tools are the log likelihood (Log L), the Schwarz Bayesian

information criterion (BIC), and the Akaike information criterion (AIC).

The rapid advancements in modern computing, bio-sensing devices, and cutting-edge
information technologies have revolutionized livestock management by enabling large-scale
and efficient data collection (Pinna et al., 2023). This progress has made it essential to develop
faster and more efficient predictive tools. As animal breeding enters the “big data era”, it now
utilizes a wide range of data sources, including genomic and phenotypic information. Phenotypic
data encompasses traits like growth rates, milk production, and reproductive traits, alongside
management data such as feed consumption, housing conditions, and environmental factors.
Advanced sensor technologies enable continuous, real-time tracking of animal production,
animal behavior, health, and fertility, providing useful insights into how animals interact with
their environment. These comprehensive datasets have enormous potential to improve genetic

evaluations, refine breeding strategies, and boost the overall productivity of livestock animals.

Traditional predictive models often struggle with the challenges posed by large, complex,
and noisy datasets, particularly the ‘large P, small N’ problem (Chafai et al., 2023). Machine
learning (ML) methods, such as artificial neural networks (ANNs) and Bayesian neural networks
(BNNSs), excel in identifying complex, nonlinear relationships within data. ANN and BNN
offer remarkable flexibility and robustness as non parametric models in capturing intricate
patterns and interactions (Kufel et al., 2023). They enable the extraction of hidden patterns
and similarities, allowing for more accurate and reliable predictions of performance traits.
While ANN model delivers high performance, particularly with strong prediction accuracy,
they often encounter overfitting issues due to limited generalization, as they fail to incorporate
the uncertainties. To mitigate overfitting, ANN typically rely on large datasets and various
regularization techniques (Nusrat and Jang, 2018). However, this dependence can pose
challenges for applications where data is limited. Moreover, uncertainty estimation is critical in
fields like decision making in animal breeding and veterinary medical diagnostics, where machine

learning is needed to be augmented with uncertainty (Chakraborty and Ghosh, 2012).
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The integration of probabilistic computing approaches with ANN addresses these
challenges by enabling regularization and incorporating uncertainties into predictions (Shi et
al., 2019). BNN models achieve this by applying Bayes’ theorem to the standard neural
network framework (Blundell et al., 2025). Unlike traditional ANN, BNN models excel at
modeling uncertainty, reducing overfitting, and performing effectively even with smaller datasets.
BNN are especially powerful as they operate via ensemble models, effectively combining the

capabilities of multiple ANN, with fewer parameters.

ANN and BNN have the potential to transform genetic evaluations and predictions,
herd management, and the efficiency of the livestock industry at new levels. These advanced
approaches provide the tools to address challenges in animal breeding, outperforming traditional

models and enabling informed, and data-driven decisions.

Information on population dynamic parameters, along with comparative evaluation
cum modelling of (co)variance components, and the prediction of performance traits using
advanced computation techniques are scanty in high yielding Vrindavani cattle. Therefore, the

present investigation was taken up in Vrindavani cattle with the following objectives:

. To assess the population structure, demographic pattern, and genetic diversity of
Vrindavani cattle herd.
. To determine the efficiency of models for genetic evaluation of growth, production,

and reproduction traits in Vrindavani cattle.

. To evaluate the efficiency ofadvanced computing techniques for predicting performance

genetic traits in Vrindavani cattle.

&5 25 25
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REVIEW OF LITERATURE

21  Development of crossbreedingin India

Crossbreeding in India was introduced in the year 1875, although it did not receive
much attention from policymakers until 1961. Since 1965, cross-breeding of indigenous breeds
with exotic breeds has been done on a large scale to improve milk production. In 1965, the
animal husbandry panel recommended the use of Jersey, Holstein Friesian, and Brown Swiss
breeds for crossbreeding. Initially crossbreeding using Shorthorn bulls on local cows around
Patna began and the Taylor breed of cattle was developed. A new breed of cattle called
Jarsindh was developed by crossing Red Sindhi with Jersey (3/8 to 5/8 inheritance) at
Allahabad agricultural institute during 1924-1934. At Bangalore, Tharparkar cows were crossed
with Jersey bulls and a new breed of cattle, Jarthar, was developed. Brown Swiss and Jersey
(5/8) were used on local non- descript cows in Kerala and a new breed of cattle Sunandini
was developed. Sunandini is a multipurpose breed, which is specially used as a dairy breed
with 3.89% fat and 2435 kg milk production. At NDRI, a new dairy breed called KaranSmss
was developed by crossing Sahiwal and Red Sindhi with Brown Swiss, in which the inherihance
of'the Brown Swiss breed was between 50-75%. Milk production of Karan Swiss hybrid
females was 5000 to 6000 kg and the fat percentage was 4.78%. In 1971 at NDRI, a new
dairy breed named Karan Fries was developed by crossing Tharparkar cows with Holstein
Friesian, Brown Swiss and Jersey bulls in which the inheritance of exotic breeds was between
50-62.5%. The milk production of these cows was 3619 kg and the fat percentage was 4.10
- 4.17. Mahatma Phule Krishi Vidyapeeth, Ahmednagar, Maharashtra has developed a
crossbred cow named Phule Triveni, which produces 3000 to 3500 litters of milk with 4% fat.
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Project Directorate on cattle (PDC), Meerut developed a national crossbreed cow Frieswal
by crossing Holstein Friesian and Sahiwal breeds, which produced 3600 kg of milk with 4%
fat in 300 days of lactation (Wakchaure et al., 2008). In December 2023, Frieswal was
officially recognized as first Indian synthetic breed by the National bureau of animal genetic

resources (NBAGR).
2.2  Development of Vrindavani cattle

The development ofthe Vrindavani cattle breed was initiated in 1968 at the Indian
Veterinary Research Institute (IVRI), zatnagar, Bareilly, India, under an ad hoc scheme. The
objective was to create a high-yielding dairy breed capable of producing an average of 3,000
kg or more milk per lactation. Initially indigenous Hariana cows were used as foundation stock
and inseminated with Holstein-Friesian, Jersey, and Brown Swiss semen to produce half-bred
progeny. The Holstein-Friesian half-breds were subsequently bred with Jersey and Brown
Swiss semen. Similarly, the Jersey and Brown Swiss half-breds were inseminated with Holstein-
Friesian semen to develop three-breed crosses. These half-breds and three-breed crosses
were interbred and evaluated across seven generations for key traits, including milk production,
reproduction performance, heat tolerance, growth, and disease resistance. Performance
evaluations showed that genetic combinations of FH (%2 Holstein-Friesian + 2 Hariana), FBH
(2 Holstein-Friesian + 4 Brown Swiss + /4 Hariana), and FJH (%2 Holstein-Friesian + V4
Jersey + /4 Hariana) had superior production and adaptability compared to other combinations
(Dutt and Kumar, 1999). As their performance was nearly equivalent, interbreeding among
these groups was conducted irrespective of genotype. Rigorous selection practices were
implemented to improve the synthetic strain, with bulls being selected based on the performance
oftheir dams and culled based on the performance of their daughters. The resulting population,
consisting of 50—75% exotic inheritance (Holstein-Friesian, Jersey, and Brown Swiss) and

50-25% Hariana inheritance, was officially named “ Vrindavani” (Singh et al.,2011).

Vrindavani cattle are maintained under a loose housing system with group management.
Nutritional needs are met through a balanced combination of dry and green fodder, supplemented
with a concentrate mixture. Milk recording begins on the first day of calving and continues until

drying. Calves are weaned at birth, and teaser bulls are used for heat detection twice daily.

Population dynamics and genetic modelling of performance traits in Vrindavani cattle 6



Review of Literature....

Routine vaccinations, deworming, and spraying are carried out as per schedule. The Vrindavani
breed is well adapted to local agro-climatic conditions and is popular among dairy farmers in
Uttar Pradesh, Uttarakhand, Rajasthan, and adjoining regions. Although the exact field
population of this breed is unknown, the IVRI cattle and buffalo farm continues to supply
Vrindavani semen and live animals through auction and sale, contributing to the breed’s

propagation and multiplication in these areas (Singh et al., 2011).
2.3  Population dynamics

A population is a homogenous group in terms of a specific characteristic. It interacts
with other populations or within own population. The interaction leads to an increase or decrease
in population size. The population dynamics thus is a study of the changes in the total number
of individuals in a population over time, or the study of the impacts of population interaction
(Chitra et al.,2016). The cattle population is always changing or dynamic. It is influenced by
initial strength, sale and purchase of animals and birth and death rate in the population. The
population dynamics of an animal is defined by the parameters like natural population growth
or a natural increase (NI), ability to produce replacement livestock or net replacement rate
(NRR), and ability to cull the remaining replacement stock, either sold or culled out. Population
dynamics is computed using population statistics from the previous several years, whereas
population output is derived using the number of culled cattle every year and the number of

remaining replacement stock (Widyaningrumet al., 2021).
2.4  Population dynamicsparameters

The different type genealogical parameters are given below:
24.1 Pedigree completenessindex

The pedigree completeness index was assessed by calculating the equivalent number
of generations while taking into account the depth and wholeness of each ancestor in the
pedigree for several generations back. The completeness of the pedigree up to the best-
known generations is very crucial for correct inbreeding estimates. The following parameters

were estimated for each individual in addition to assessing the pedigree completeness index (i)
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Complete number of generations (CG), detailed as the number of generations delineating the
offspring ofthe farthest generation where the ancestors of second-generation individuals are
known. The ancestors with unknown parents were considered founders (generation 0); (ii)
the maximumnumber of generations (MG), determined as the number of generations separating
the individual from its ultimate ancestor; (iii) equivalent complete generations (EqG), detailed
as the sum over all known ancestors of the terms calculated as the aggregate of (1/2) n, where
n is the number of generations separating the individual from each known ancestor (Maignel &

al. 1996).

Mumtaz et al. (2021) observed PDI in Sahiwal cow from first to fifth generation as
92.32, 80.26, 65.22, 49.43 and 32.54%, respectively. Muasya et al. (2011) reported a
similar trend of pedigree completeness in Sahiwal cattle herd in Kenya. In another study, PDI
in Murrah buffaloes for the entire pedigree was noticed: 76.8,49.2, 27.7 and 12.8% for first,
second, third and fourth paternal generations, respectively. Similarly, Ferraz et al. (2015)
reported 86.6,44.7 and 18.2% PDI in a closed herd of Jaffarabadi buffaloes for the entire

pedigree in first, second and third generation, respectively.
24.2 Geneorigin probabilities

The genetic background in terms of'the probability of gene origin was determined by
computing the various parameters in the Vrindavani population. The effective number of founders
(f) was calculated as the number of founders who would be expected to contribute equally
with genetic material to produce the same genetic diversity as the population under consideration

(Lacy, 1989). This was calculated as:
fe

1
Y qk

Where f_is the effective number of founders and g, is the estimated proportional

genetic contribution of founder k; as determined by the average founder relationship to each

animal in the current population.

The effective number of ancestors (f,) refers to the minimum number of individuals
(founders or non-founders) that are required to explain the complete genetic diversity of the
current population. It was computed to assess the incidence of population bottlenecks in the

population (Boichard et al., 1997).
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1

fe=
Zk 1qk

Where f_ refers to the total number of ancestors and q indicates the marginal
contribution of j ancestor. The marginal contribution refers to the genetic component of an
ancestor that could not be explained by other previously selected ancestors (Boichard et al.,
1997). The founder genome equivalents (fg) account for genetic variation that may be lost due
to randomdrift in small populations, even if every one of the founders made an equal contribution
to the population (Lacy, 1989). The inverse of twice the average coancestry between individuals

in the reference population was used to calculate the fg:
1

fe=
Zk 1qk

Where, f indicates the average co-ancestry between participants in the reference
population. The fg is always smaller thanboth f_and f_, and it accounts for all factors that
influence gene loss during segregation. The non-founder genome equivalents (fng) account for
genetic diversity loss due to genetic drift, accumulated over non-founder generations. This was

computed as per Caballero and Toro (2002):
1

fe=
Zk 1qk

The genetic bottleneck was determined by calculating the number of ancestors in
the population who contributed the majority of 50 percent of genes (f_50) and the f /f_ratio.
The f is expected to be smaller than the f_if there is a bottleneck, which can be indicated by
the f /f_ratio.

2.4.3 Generationinterval

Generation interval (GI) is the mean age of parents at the time of birth of their progeny
that is kept for perpetuation across generations. Generation intervals were calculated by
averaging the four paths of selection models, i.e., sire to son (L), sire to daughter (L ), dam
to son (L, ) and dam to daughter (L ). The information on birth dates of retained animals, in
addition to their sires and dams were used for these calculations. The average GI was calculated

as:
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£ = 1
AT

For Sahiwal cattle breed, Parveen et al. (2016) reported GI (7.2 years). Muasya et
al. (2011) found a generation interval of 6.9 years in a Sahiwal cattle herd of Kenya. Kamiti et
al. (2016) and Faria et al. (2009) noticed the average GI in Sahiwal cattle population as 6.3

and 8 years, respectively.
24.4 Inbreeding coefficient and averagerelatedness

The inbreeding coefficient (F) is the probability that two alleles at a locus, inherited by
an individual, are identical by descent (Wright, 1922). The inbreeding coefficient (F) was
determined using the algorithm proposed by Meuwissen & Luo (1992). The individual increase
in inbreeding for each generation was computed using the basic formula as per Gonzalez et al.

(2007) and Gutiérrez et al. (2008a 2009a).

£ = 1
o1
YT

Where F is the individual inbreeding coefficient and t is the equivalent number of

complete generations for this individual,

The average relatedness (AR ) is considered an alternative to the coefficient of inbreeding
to predict the long-term inbreeding ofa population. AR refers to the probability that an allele,
selected at random from the whole population, belongs to a given individual (Gutiérrez and
Goyache 2005). Hence, it was computed as the average ofthe coefficients in the row; equivalent

to the individual in the numerator relationship matrix as described by Dunner et al. (1998).

Mumtaz et al. (2021) found 2.16% average inbreeding in a herd of Sahiwal. Kamiti et
al. (2016) noticed average inbreeding 0f 0.0012% per year in a Sahiwal cattle herd of Kenya
over aperiod of48 years (1960-2008) which was lower than the recommended limit of 1%
(FAO, 1998). Similarly, Muasya et al. (2011) observed average inbreeding of 0.06% in a
Sahiwal cattle herd of Kenya. In another investigation on Sahiwal cattle, the relationship between
inbreeding depression and performance traits was not linear, with greater depression estimate

of 15% (Musingi et al.,2018). Ferraz et al. (2015) reported the average relatedness coefficient
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of'12.5% in a Jaffarabadi buffalo herd with the highest individual value 0£28.95%. Average
relatedness coeflicient of 3.58% (Santana et al.,2011), 2.05% (Malhado et al.,2012) and
0.37% (Neto et al.,2012) was also observed in previous studies.

245 Effectivepopulation size

The effective population size (Ne) refers to the number of breeding individuals that
would give rise to a calculated sampling variance or rate of inbreeding if they are bred in the
way of an idealized population. Ne was estimated using changes in individuals’ inbreeding
coefficients (Fi) as suggested by Gutiérrez et al. (2008b) and modified by Gutiérrez et al.
(2009b). The individual increase in inbreeding coefficients was averaged, and the effective

population size was determined as described by Falconer and Mackay (1996):

£ = 1
o1
YT

Where Ne = Effective population size; AF = Inbreeding rate

Additionally, Ne was also calculated by individual inbreeding coeflicients; regressed
on the equivalent generations, complete and maximal generations traced as described by Maignel
etal. (1996). Santana etal. (2011) observed a small effective size 040 in a Murrah buffalo
herd. An effective population size of 500 animals is required to minimise genetic diversity loss
due to genetic drift and to maintain a sufficiently flexible population (Frankham, 1995). However,
an effective population size of 50 animals is sufficient to avoid inbreeding depression (FAO,

2007).
24.6 Gendicdiversity (GD)

The degree of genetic variation in the reference population in comparison to that existing
in the base population is expressed as N, expected heterozygosity. This was computed as per

(Lacy, 1989 1995).

GD =1-——
2f

g

Genetic diversity in the base population was calculated as:
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GD' =1-—
2 f

The difference between GD* and GD was computed as per (Caballero and Toro

2002):
GD"-GD = i
The genetic diversity that has been lost in the population of the founder generation was
estimated by 1-GD. The genetic diversity loss by unequal distribution of founder alleles was
estimated by 1-GD* as per (Caballero and Toro 2002). Santana et al. (2014) revealed
2.30% genetic diversity loss in a Brazilian Gir cattle herd. Mumtaz et al. (2021) observed 2.1

and 2.64% genetic diversity loss in Murrah buffalo and Sahiwal cattle herds.
2.4.7 Geneticconservation index

Genetic conservation index (GCI) was estimated from genetic contributions of all the
identified founders of the reference population as per (Alderson, 1992).

1

GCl =5 7

Where, P, is the percentage of genes of j™ founder, contributed to the pedigree of i
animal. The estimation of GCI is based on the assumption that breeding program aims to retain

complete set ofall the alleles from the base population.
25 Introduction tolinear mixed model (LM M)

Mixed models were used significantly to improve plant and animal production over the
past 60 years. Charles Henderson and Robin Thompson, along with the development of
computing power, introduced the BLUP and REML models for estimating breeding values
and variance components respectively. These innovations have led to national and international
breeding programs in various livestock species. Karin Meyer and Dorothy Robinson produced
software to implement REML methods (in animal breeding). However, analysis was difficult
until Robin presented the Average Information method (Gilmour et al., 1995; Johnson and

Thompson 1995) underpinning ASReml which become generally available in 1997.
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25.1 Fixed and random effects

A mixed model includes both fixed and random effects (hence ‘mixed’). Most statistical
publications define a fixed factor as one having few levels, such as age groups, treatments,
diets, and years, with variations between the levels to be calculated. Ifthe same experiment
was to be replicated; the same ages, treatments, or diets would be predicted to appear again,
and their calculated differences would be expected to be consistent between the two samples

(Schaefter, 2019).

Arandom factor, on the other side, has multiple levels that are large enough to be
regarded infinite and large sufficient to be regarded as randomly sampled from an infinite
population, such as sires or herd-year-seasons. Ifthe primary research is repeated, sires and
herd-year seasons would be completely different, resulting in a new random sample. In animal
breeding, experiments are not repeated; instead, new sires and herd-year-seasons are constantly
generated, partially depending on the composition of previous samples, and therefore occur

only once (Schaeffer, 2019).
25.2 Theequation

A Linear Mixed Model (LMM) combines fixed and random effects, offering a more
flexible framework for analyzing data with hierarchical or correlated structures. The model is

expressed as:

y=Xb+Zu+e
where,
yisann x 1 vector ofn observed records
bisap x I vector of p levels of fixed effects
uisaqx 1 vector ofq levels of random effects

eisann x 1 vector ofrandom, residual terms

X is a known design matrix of order n X p, which relates the records in y to the fixed

effectsinb
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Z is a known design matrix of order n % q, which relates the records in y to the random
effects inu

E(y)=Xb

var(u)=G

var(e)=R

var(y)=2GZ’ +R

X'R7X X'R'Z b X'R'y
[ Z’R'X Z'R'Z+G” ][ u ] [ Ry }

This structure can be expanded in several ways. The vectors b and u could contain
more fixed and random effects (e.g., additive genetic, inbreeding, sex, season, year, permanent
environmental, etc). The effects in u define the structure of G. If vector y contains additional

traits, the vector u will have (breeding) values referring to the various traits (Schaeffer, 2019).
2.6  Typesofliner mixed model (LLM)

Various types of LMMs are used depending on the objective, data structure, and

modeling requirements for animal breeding. Below are the common types of LMMs:
26.1 SingleTrait Animal Model

A single-trait animal model is the simplest mixed model used in animal breeding. It is an
‘animal’ model because we give a breeding value to each animal. The term “single trait” refers
to the idea that animals only have information on one character (trait), and that they have only
fixed effects and additive genetic effects, with no other random effects like maternal or dominance

(Misztal et al.,1993).
2.6.2 SireModed

For computational simplicity, this model simply estimates the effect of sires on
information on their progeny. The sire EBVs through sire model may be significantly less precise
due to lower accuracy and probable bias because dam variances are not accounted. The
model generally assumes that each sire’s progeny comes from a different dam, and all dams
come from the same homogenous population with the same expected mean. In reality, dams
may belong to different breeds, and dams are selected over time, therefore younger dams are

likely to surpass older dams (Sun et al., 2009).
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2.6.3 Repeated records model

This is applied when an animal has several records, such as various milk production
records in different lactation stages. The genetic correlation between records is one, while the
phenotypic correlation between records is equal to repeatability. The strategy is to establish a
permanent environmental effect for every animal, so that when the animal has a second record,
not only their breeding value but also a portion of the environmental effects are repeated (Park

etal.,2012).
An example of'a mixed model with repeated records is:

y=Xb+Za+Zp+e
where,
y is the vector of the observations, b is the vector of fixed effects,
ais a vector of additive genetic effects,

p is a vector of permanent environmental effects and e is a vector of residual effects.

The matrix X is the incidence matrix for the fixed effects and Z is the incidence matrix

relating observations to animals.
2.6.4 Maternal effects model

Maternal effects have an impact on several traits, including the survival of new borns
and early growth in cattle. The mother has an impact on her offspring’s performance through
maternal effects. These maternal impacts are mainly environmental for the offspring, although
they can include both genetic and environmental components. It is important to take maternal
genetic impact when animals are selected from the dam lines. Integrating maternal effects into
the model allows for the estimation of maternal effects as well as the adjustment of any bias in
the genetic evaluation of the growing animal. It is commonly assumed that maternal effects are

inherited; however, some part of it might also be a long-term environmental effect (Kumar et

al., 2021).
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Maternal Effects Model
y=Xb+Zla+Z2m+e

where,

y is the vector of the observations, b is a vector of fixed effects,

ais a vector of additive genetic effects,

m s a vector of maternal genetic effects and e is a vector of residual effects.

X is the incidence matrix for the fixed effects and Z1 and Z2 are the incidence matrices
relating observations to random effects of animal (additive genetic) and dam (maternal genetic),

respectively.

Chimonyo et al. (2008), Tomiyama et al. (2010), Mondal et al. (2014) and Alves &t
al. (2018) used different animal models to estimate genetic parameters of body weight in
different breeds of animals. Elfadl et al. (2016) compared various models and determined
genetic parameters in 3464 records of Holstein Friesian cows in 3 successive lactations. To
evaluate covariance components and genetic factors, they created 3 multi-trait animal models
by including and excluding various fixed and random effects. Their research findings indicated

that the range and standard deviations of breeding values varied among models.

Shalaby et al. (2016) used linear models to estimate covariance components and
genetic parameters in Holstein Friesian dairy cattle using 2846 records. Models were
distinguished based on the random effects that were fitted in each model. For all traits, the
best-fitting model had the highest Log Likelihood value. This study showed that including
maternal effect with direct-maternal genetic covariances in statistical models for genetic

evaluations would enhance the existing herd genetically.

Panda et al. (2020) used animal models for the genetic evaluation of growth
performance in Landlly pigs. Six different models were constructed for growth traits by including
or excluding; maternal permanent environmental effect, maternal additive genetic effect and
covariance between direct and maternal additive genetic effect. In order to select the most
suitable model, they used likelihood ratio test, log likelihood values and Akaike’s information
criterion. They showed that a model with direct additive genetic and maternal permanent

environmental effect fits best for the growth data.
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Diop et al. (1999) used a multiple-trait animal model to estimate the genetic variances
for growth traits in Gobra cattle. They found that a model that includes direct genetic, maternal
genetic, and direct-maternal genetic covariances is the most efficient at 18 months of age. It
was noticed that fitting models with various fixed and random effects can produce more accurate
estimates of genetic parameters for both production and reproduction traits in dairy cows
(Miraei et al.,2007; Zamani and Mohammadi, 2008; Mohammadi et al.,2013). Edriss et al.
(2006), El-Awady et al. (2011) and Hammoud and Salem (2013) demonstrated the significance
of direct genetic, maternal genetic and maternal permanent environmental effects on production
and reproduction traits in cattle for various types of animal models. Cilek and Kaygisiz (2008)
noticed high and positive correlation (0.83) between estimated breeding values and Spearman
rank correlations for the different four animal models. Kaya et al. (2003) and Seyedsharifi et
al. (2008) also found similar results.

2.7 Artificial neuron network

Artificial neural networks are structured in layers, typically featuring an input layer, one
or more hidden layers, and an output layer. Input layers receive data, hidden layers perform
computations through weighted connections, and the output layer generates predictions (Fig
2.1 & Table 2.1). ANNs draw inspiration from biological neuron network but employ techniques
like backpropagation and gradient descent to adjust weights and optimize performance during
training (Chavlis and Poirazi, 2021). This structured approach enables ANNs to handle specific
tasks such as classification, regression, and pattern recognition effectively. (A. Pastur-Romay

etal., 2016).

Table2.1: Relationship between Biological neural network and artificial neural

network:
Biological Neural Network Artificial Neural Network
Dendrites Inputs
Cell nucleus Nodes
Synapse Weights
Axon Output
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2.7.1 Theperceptron

A perceptron is a fundamental model in neural networks used for binary classification.
It consists of an input layer where each feature is associated with a weight. The perceptron
calculates a weighted sum of these inputs, which is then passed through an activation function.
This function typically outputs one value ifthe weighted sum exceeds a certain threshold and
another value if it does not, thus classifying the input into one of two categories. During training,
the perceptron adjusts its weights based on the errors it makes, using algorithms like the
perceptron learning algorithm to improve its classification accuracy. While a single perceptron
can only handle linearly separable problems, combining multiple perceptrons in a network can

address more complex tasks. This perceptron model is shown in fig 2.2 in mathematical form.

The mathematical model of the perceptron neuron may write as

y =f(S(Wi* Xi) +b)

y: The output of the perceptron.

f: The activation function (e.g., sigmoid, ReLU).
Wi: The weight associated with the ith input.
Xi: Theith input.

b: The bias term.

2.8 Classification of Artificial Neural Networks

ANN are classified into different types based on their architecture and functionality,
each of them with diverse applications in animal breeding. These types of ANNs are described

under below:
2.8.1 Feedforward neural networks(FNN)

Feedforward neural networks follow the most straight forward ANN architecture,
where information moves in one direction—from input nodes, through hidden nodes (if present),
and finally to output nodes. FNNs are commonly used in applications like predicting milk
production and estimating breeding values due to their ability to generalize well from training

data (Hamadani et al., 2023).
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2.8.2 Recurrent Neural Networks(RNN)

Recurrent Neural Networks are characterized by connections that loop back on
themselves, allowing them to maintain a form of memory. This architecture is useful in scenarios
where the time-dependent behavior of data is crucial, such as monitoring livestock health over
time. RNNs are particularly adept at handling sequences of data, making them suitable for

tasks like predicting disease outbreaks from continuous sensor data (Tealab, 2018).
2.8.3 Convolutional neural networks(CNN)

Convolutional Neural Networks are designed to process the data that can be
represented as a grid (e.g., images). In the context of animal production, CNNs are applied
for image recognition tasks, such as monitoring the physical health ofanimals through visual
inspections. They can also be used in agriculture for tasks like analyzing plant health, which

indirectly supports animal production by ensuring feed quality (Lietal.,2021).
2.8.4 Multilayer perceptrons(MLP)

Multilayer Perceptrons are a specific type of feedforward neural network with one or
more hidden layers between the input and output layers. MLPs are commonly employed in
complex predictive tasks in animal production, such as estimating body weight gains in livestock

and optimizing feed compositions for better nutrient utilization (Hamadani et al.,2023).

2.8.5 Needfor non-linearity in neural networks

Non-linearity has a diverse role in neural networks. It improves the model’s ability to
generalize from training data, improves convergence during learning, and allows for complicated
predictions that linear models alone cannot generate. This critical component enables neural
networks to handle a range of real-world tasks well, making them powerful tools in artificial
intelligence (Taye, 2023). Once the weighted sum s calculated in the neural network, it needs
to be transformed to introduce non-linearity. This is where activation functions come into play.
They apply a non-linear transformation to the output of a neuron, enabling the network to
model complex relationships in data. By adding these non-linear activation functions, neural

networks can acquire and approximate any continuous function. This capacity is critical for
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tasks such as complicated data relationships, image recognition, natural language processing,

and a wide range of other applications (Shine et al., 2021).
2.8.6 Need of activation functionsin neural networks

In the absence of an activation function inside a neural network, the resulting output
signal would just exhibit a linear action, characterised by a polynomial function of degree one.
While linear equations are straightforward and manageable, their capabilities are limited, and
they lack the capacity to understand and identify complex connections within datasets. A
neural network that lacks activation functions might be regarded as a linear regression model
with restricted efficacy and capability across multiple situations (Alzubaidi et al.,2021). A
neural network should be able to do more than just learn and generate a linear function.
Activation functions and artificial neural network techniques, such as deep learning, are employed
to effectively analyse complex, high-dimensional, and nonlinear datasets. These approaches
are particularly useful when the model consists of multiple hidden layers and a complex
architecture, as they facilitate the extraction of valuable information. Ultimately, the objective is

to gain a comprehensive understanding of the dataset (Sarker, 2021).
2.8.7 Choosingtheright activation function

To improve performance and reduce errors, the number of hidden layers, training
techniques, hyperparameter adjustment, and activation function are crucial variables to consider.
It might be difficult to choose the proper activation. There is no universal rule for choosing an
activation function; rather, the decision depends on what task is at hand. Different activation
functions offer various pros and cons, depending on the system being designed. An example: A
mixture of sigmoid functions helps improve the categorization of variable. Sigmoid and tanh
functions are avoided due to the vanishing gradient issue (the gradient becoming zero). The
most popular activation function, Rectified Linear Unit (ReLU), works well in most situations.
Leaky ReLU can be the used if the network has dead neurons. According to research, the
sigmoid and tanh functions are not good for hidden layers because they lose slope as input
levels go up or down, which slows the gradient fall. To apply with concealed layers, ReLu is
the preferable option since its derivative is 1. Furthermore, leaky ReLLU is applicable for zero
derivatives. A quicker activation function may be selected for faster training and function

approximation (Szandaa, 2021).
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2.9  Back propagation networks(BPN)

Rumelhart, Hinton, and Williams introduced the concept of BPN in 1986. The term
“back propagation network” (BPN) refers to a multi-layer feedforward network in which
errors are “back propagated”. It is utilised for error detection and correction and makes use of
the supervised training process, which is a systematic approach to train the network (Antwi &t
al.,2017). Among supervised learning algorithms for ANN, back-propagation of error is the
most popular (Rumelhart et al.,1986). When working with large-scale data, it offers good
computing attributes, in contrast to other learning methods (like bayesian learning). This model
can be seen as either a gradient descent method to identify the most efficient solution (Leven,
1996) or a modification of the delta rule (Riesel, 2007). The algorithm tries to minimise the
error function in terms of the weights and usually uses a least-squares solution. This means that

the process can be seen as a non-linear regression method.

The BPN is most commonly used for animal genetic and production data because
datasets are frequently large and multidimensional, especially when genomic information is
included. Because of their ability to learn from several features at once, BPN s are well-suited
to dealing with such complexity. For example, estimating milk yield based on hundreds of
single nucleotide polymorphisms (SNPs) necessitates the ability to effectively interpret a huge
number of input signals. Backpropagation networks may manage this high dimensionality and
provide robust predictions, therefore improving outcomes in cattle management (Ehret et
al.,2015). Another use for backpropagation networks is continuous learning from old data.
These networks may update their weights repeatedly, allowing them to adapt when new data
is available. In dynamic contexts such as cattle farms, where conditions change frequently
having a model like backpropagation networks that can adapt with incoming input is crucial in

making prompt sound management decisions (Ehret et al.,2015).
2.10 Artificial neural network in animal breeding

MLP- and BP-based ANN models are commonly employed in animal studies. Scientific
studies on cattle breeding include detection of abnormalities in heifers, analysing the impact of
milking on somatic cell content, predicting lactation efficiency, determining insemination problems,

and predicting breeding values (Grzesiak et al., 2006, 2010).
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2.10.1 Prediction of animal traitsand breeding valuesusngANN

Traditional genetic and breeding study approaches sometimes overlook gene-to-gene
interactions and non-linearity, leading to inaccurate estimates of animal breeding value. Semi-
and non-parametric statistical approaches are increasingly used to estimate animal breeding
value, taking into account all possible non-linearity (de les Campos et al.,2013). In the current
context, machine learning approaches, particularly ANN, have significant potential as a viable
approach for simulating complex biological phenomena defined by an undetermined relationship
among attributes and hypothesised non-linearities (Calvin and McDowell, 2016). The accurate
and reliable ability to predict the phenotypic values of various economic traits in different types
ofanimals, such as cattle (Gianola et al.,2011), pigs (Tusell et al.,2013), buffaloes (Singh et
al.,2020), sheep (Abbas et al.,2021), and goats (Igbal et al.,2022), using ANN models has
previously been established. Additionally, the ANN model has the ability to recognise individual
animals through the use of facial recognition in sheep (Song et al.,2022), goats (Billah et
al.,2022), and cattle (Lietal.,2022). This leads to the maintenance of precise breeding records,
a fundamental requirement for the breeding and genetic enhancement of livestock. In the context
of animal breeding programmes, the use of genomic selection has proven to be a valuable tool
for accurately estimating the breeding values of animals at an early stage. This approach has
demonstrated the potential to accelerate genetic improvement by reducing the generation interval

(van der Werf, 2013).

The two most frequently used methods for performing whole genome prediction or
genome-wide association studies (GWAS) are the Bayesian regression model and genomic
best linear unbiased prediction (Meuwissen et al.,2001; Hayes et al.,2009). However, these
models assume a linear relationship between genotype and phenotype, which may impact
GWAS performance for complex traits (Nelson et al.,2013). Using a neural network model
may improve GWAS performance by detecting high-order epistatic interactions, improving
polygenic scoring, and increasing statistical power. This can help emphasise gene variations
following analysis (Leem et al.,2014; Mieth et al.,2016; Paré et al.,2017; Raj and Sreeja,
2018; Vitsios and Petrovski, 2019). ANN models may predict complex polygenic traits, like

milk composition, genomically at a lower computing cost than traditional models (Ehret &t
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al.,2015). Neural network: the open-source tool “JWAS” uses the Bayesian alphabate model
(NN Bayes) to compute GWAS with optimal prediction ability, including non-linear phenotypic
relationships without affecting genetic interpretability (Zhao et al.,2021). Thus, a neural network
model that enables predictions and genomic selection could be useful as a dependable method

for accelerating the genetic enhancement oflivestock (Mcdowell, 2016).
2.10.2 ANN for analysing geneticdiversty and population improvement

The use of artificial neural networks for the purpose of inferring demographic history
and recombination rates within a population has gained popularity as a novel application in the
area of population genetics (Schrider and Kern, 2018). Accurate estimates of demographic
variables within a population are often hindered by the presence of'selection biases, which are
in turn influenced by demographic events (Simonsen et al.,1995; Ewing and Jensen, 2016).
To address this issue, a deep neural network called evoNET (a three-epoch model) can
estimate demography and selection all at once, detecting population size fluctuations, regions,
and hard and soft selection sweeps under balanced selection (Sheehan and Song, 2016). In
the discipline of population genetics, the precise estimation of recombination rates over the
whole genome in populations has significant significance. This is mostly due to the fact that
linkage patterns have a profound impact on several aspects, including genetic mapping and
comprehension of evolutionary history (Schrider et al.,2015). It is well known that sequence
alignments using convolutional neural networks can be used to draw conclusions about population
genetics. These methods have already reached a similar level of computational efficiency (Blum
and Frangois, 2010; Flagel et al.,2019; Torada et al.,2019). ReLERNN is a recurrent neural
network model-based software that accurately estimates genome-wide recombination maps.
It is accomplished this by fixing problems like demographic model misspecification and genome
inaccessibility, which makes it a possible tool for analysing low-quality genomic data (Adrion

etal., 2020).
2.10.3 ANN for prediction of performancetraits

Predicting milk production performance at early ages allows for the selection of high-

producing cows and the culling of low-producing animals, enhancing profitability in dairy farming
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(Klice et al.,2021). In order to forecast lactation milk yield, it is necessary to utilise non-linear
functions (Dongre and Gandhi, 2016). Traditional milk production forecasting methods
underestimate the non-linearity and interdependencies of independent factors. ANN models
may accurately forecast milk output in dairy animals, addressing this problem (Chaturvedi &t
al.,2013). An ANN model accurately predicts first lactation production and lifetime milk
production in cattle and buffalo at early stages, surpassing traditional methods (Gandhi et
al.,2009; Singh et al.,2022). Therefore, it is a viable tool for optimising breeding programmes
and economic models in dairy herds by culling low-yielding animals earlier (Adamczyk et
al.,2021). The ANN model may be utilised to forecast the weekly milk yield of dairy goats by
taking into account the amount of milk that has been produced in the past, the interval between
kiddings, and the first milk control record (Fernandez et al.,2007). also predicts sheep milk
yield from udder measurement (Angeles-Hernandez et al.,2022). Hence, the utilisation of
ANN models may be a viable and dependable approach to enhance milk production in dairy
animals through the use of early prediction. The morphometric evaluation and early estimation
of'body weights play a crucial role in the breeding and selection of meat animals (Bures and
Bartoo, 2012). ANN have considerable potential in the domain of forecasting breeding values
for growth and carcass traits (Ghotbaldini et al.,2019). This approach has advantages in beef
cattle production for selecting elite cattle based on body condition scoring and carcass quality
evaluation by grading score predictions at slaughter (Goyache €t al.,2001; Eandek-Potokar
et al.,2015). The Visual geometry group (VGG), a convolutional neural network, effectively
predicts beef carcass yield, partitions carcasses, classifies marbling beef, and scores muscle
(McPhee et al.,2017; Kwon et al.,2020; Gongalves et al.,2021; Matthews et al.,2022).
These methods will provide an accurate evaluation of beef quality without the need for animal
slaughter while also enabling the calculation of meat shelflife (Prevolnik et al.,2011). ANN
can help make image-based automated carcass grading (ACG) systems that can differentiate
between pigs of various ages and figure out the quality of the pork by estimating the thickness
of'the back fat, the amount of fat inside the muscles, and the percentage of meat in the carcass.
The ANN model can assess meat and carcass characteristics of live sheep and goats, including

body weight, fat depot, and carcass composition. This predictive ability can aid in breeding

Population dynamics and genetic modelling of performance traits in Vrindavani cattle 5



Review of Literature....

value estimation and optimal meat production management strategies (Huma and Igbal, 2019;

Bautista-Diaz et al.,2020).
211 Bayesian Neural Networks (BNNSs)

A BNN is a type of neural network that incorporates Bayesian inference to quantify
uncertainty in its predictions. Unlike standard ANN, which provide point estimates of
parameters, BNN model used weights and biases as probability distributions rather than fixed
values. This allows BNNs to capture uncertainty in both the parameters and the predictions

(Jospinet al., 2022).

212 Keyfeaturesof Bayesian neural networks

Probabilistic modding:

. In BNNS, each weight and bias in the network is treated as a random variable with an

associated probability distribution.

. The network predicts a distribution over the outputs rather than a single deterministic
value.

. Bayesan inference:

. Bayesian methods are used to estimate the posterior distributions of the weights, given

the prior distributions and observed data.
. The posterior distribution is computed using Bayes’ theorem:

P(ANB) P(A)-P(B|A)
P(B) P (B)

where:
P(A) =The probability of A occurring
P(B) = The probability of B occurring
P(AB) =The probability of A given B
P(B|A) =The probability of B given A
P(AnB) = The probability of both Aand B occurring
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2121

Uncertainty quantification:

BNNs provide epistemic uncertainty (due to model uncertainty) and aleatoric

uncertainty (due to inherent noise in the data).

This makes BNNs particularly useful in applications where knowing the confidence in

predictions is crucial, such as medicine, autonomous driving, and finance.
Regularization:

By incorporating prior distributions over weights, BNNs inherently regularize the model,

reducing the risk of overfitting.

Advantages of BNNs

Uncertainty-awarepredictions:

Provides not only predictions but also the associated confidence levels.
Robustness:

Better handles out-of-distribution data compared to standard ANNs.
Flexibility in modd specification:

Prior distributions can be tailored to include domain-specific knowledge.

2.12.2 Challenges of BNNs

Computational complexity:

Exact inference is often computationally infeasible for large networks due to the high-

dimensional integrals involved.

Approximation methods:

Practical implementations rely on approximation techniques like:

Variational inference (VI): Approximate the posterior with a simpler distribution.

MonteCarlo (M C) sampling: Use stochastic sampling methods (e.g., Markov Chain
Monte Carlo).
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. Dropout asapproximate bayesan inference: Dropout is applied at both training

and inference to approximate uncertainty.
J Scalability:
. Training BNNs on large datasets or networks can be resource-intensive.

213 Study of BNN model

Van Bergen et al. (2020) investigated the use of BNN with variable selection for
predicting the genetic components of complex traits in animal breeding. The study found that
BNNs with variable selection are effective tools for genetic prediction, providing flexibility and
the capability to manage complex genetic architectures. A study conducted by Sebastian et al.
(2022) successfully demonstrated the implementation of a BNN using memtransistors fabricated
from two-dimensional materials like MoS2 and WSe2. The BNN achieved a test accuracy of
80.85% onthe PIMA Indian diabetes dataset while effectively quantifying uncertainties through

entropy decomposition.

&5 25 25
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MATERIALSAND METHODS

3.1. Location of the farm and climate

The study was conducted at the Cattle and Buffalo Farmofthe Indian Veterinary
Research Institute (ICAR -IVRI) at [zatnagar, Bareilly, Uttar Pradesh. The farm s located in
the upper gangetic plain with an altitude of 169.2 meters above mean sea level, positioned
between 28°22' north latitude and 79°24' east longitude. The average yearly temperature at
this area remains around 21°C, with the coldest temperatures around 5°C and the warmest
reaching 40°C. The average annual rainfall ranges from 760 to 960 mm, with the highest
precipitation occurring in July and August. The relative humidity ranges from 41% to 85%
throughout the year (Singh et al., 2011). Therefore, animals at the ICAR-IVRI farm are

exposed to varied weather conditions throughout the year.

The farm maintains animals under loose housing and group management, providing a
balanced diet of dry and green fodder with concentrate mixture supplementation support.
Milk recording starts from calving until drying, and calves are weaned immediately after birth.
Teaser bulls detect cows in heat twice daily, while vaccination, deworming, and spraying are

done regularly according to standard recommendation.
3.2. Data callection and its properties

The following data related to pedigree and performance traits of Vrindavani cattle
were collected from the records maintained at the Cattle and Buffalo Farm, Livestock
Production and Management Section, [CAR-IVRI, Izatnagar, UP, India over a period of 53
years from 1970 to 2023:
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1. Individual information
a)  Animal number
b)  Sex ofthe animal
c) Date ofbirth
2. Pedigreeinformation
a) Maternal ancestor
b) Paternal ancestor
3. Growth traits
a) Body weight at birth (BWO0)
b) Body weight at 3 months (BW3)
c) Body weight at 6 months (BW6)
d) Bodyweight at 12 months (BW12)
e) Bodyweightat 18 months (BW18)
f)  Body weight at 24 months (BW24)
4, Production performancetraits
a) 305 days milk yield (305-DMY)
b) Total lactation milk yield (TLMY)
c) Peakyield (PY)
d) Lactationlength (LL)
e) Milk production in calving month (M1)
f)  Milk production in second (M2) and third month (M3)
5. Reproduction performancetraits
a) Ageat first calving (AFC)
b) Inter calving period (ICP)
c¢) Drydays(DD)
d) Service period (SP)
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3.3 Classification of data

Table 3.1a: Classification of data for season

Season Code
Summer (March to May) I
Monsoon (June to September) I
Autumn (October to November) I
Winter (December to February) v

Table 3.1b: Classification of data for period

Period of birth Code
1970 to 1979 I
1980 to 1989 II
1990 to 1999 III
2000 to 2009 v
2010 to 2023 \Y

Table 3.1c: Classification of datafor parity

Parity Code
Parity 1 I
Parity 2 I
Parity 3 I
Parity 4 v
Parity 5 \Y
Parity 6 & above VI

Table 3.1d: classification of animal for sex

Sex Code
Male 1
Female II
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3.4 Population structure, Demographic pattern and Genetics
Diversity of Vrindavani cattle herd

Pedigree data from 12,718 Vrindavani animals were compiled over a 53-year period,
spanning from 1970 to 2023. The data underwent numerical transformation using R Studio
and Pedigree viewer to ensure consistency and accuracy. Subsequently, the processed pedigree
data were analyzed using the ENDOG v4.8 programto elucidate population structure, dynamics,
and genetic diversity parameters (Pablo Gutiérrez et al., 2010). The programme helps in the
estimation of population parameters based on the probability of gene origin. The pedigrees of
the animals were traced as far back as possible in the birth record registers maintained at the
farm. The pedigree data was originally available for 53-years between 1970 and 2023 (n=
12,718); the pedigree information of the cohort of calves born between 2010 and 2023 (n=
2066) were used as a reference dataset for Endog-based analysis. The different genealogical

parameters elucidated in the Vrindavani population are given below:
3.4.1 Pedigree completeness index

The pedigree completeness index was assessed by calculating the equivalent number
of generations while taking into account the depth and wholeness of each ancestor in the
pedigree for several generations back. The completeness of the pedigree up to the best-
known generations is very crucial for correct inbreeding estimates. The following parameters
were estimated for each individual in addition to assessing the pedigree completeness index (i)
Complete number of generations (CG), detailed as the number of generations delineating the
offspring of the farthest generation where the ancestors of second-generation individuals are
known. The ancestors with unknown parents were considered founders (generation 0); (ii) the
maximum number of generations (MG), determined as the number of generations separating
the individual from its ultimate ancestor; (iii) equivalent complete generations (EqG), detailed
as the sum over all known ancestors of the terms calculated as the aggregate of (1/2) n, where

n is the number of generations separating the individual from each known ancestor (Maignel &

al., 1996).
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3.4.2 Generation interval

Generation interval (GI) is the mean age of parents at the time of birth of their progeny
that is kept for perpetuation across generations. Generation intervals were calculated by
averaging the four paths of selection models, i.e., sire to son (L), sire to daughter (L ), dam
to son (L, ) and dam to daughter (L ). The information on birth dates of retained animals, in
addition to their sires and dams were used for these calculations. The average GI was calculated

as:

_ Lss + Lsd + Lds + de

GI
4

3.4.3 Inbreeding coefficient and average relatedness

The inbreeding coefficient (F) is the probability that two alleles at a locus, inherited by
an individual, are identical by descent (Wright, 1922). The inbreeding coefficient (F) was
determined using the algorithm proposed by Meuwissen and Luo (1992). The individual increase
in inbreeding for each generation was computed using the basic formula as per Gonzalez et al.

(2007) and Gutiérrez et al. (2008a 2009a).
AFi=1-"\1-F

Where F is the individual inbreeding coefficient and t is the equivalent number of

complete generations for this individual,

The average relatedness (AR) is considered an alternative to the coefficient of
inbreeding to predict the long-term inbreeding ofa population. AR refers to the probability that
an allele, selected at random from the whole population, belongs to a given individual (Gutiérrez
and Goyache 2005). Hence, it was computed as the average of the coefficients in the row;

equivalent to the individual in the numerator relationship matrix as described by Dunner et al.

(1998).
3.4.4 Effective population size

The effective population size (Ne) refers to the number of breeding individuals that

would give rise to a calculated sampling variance or rate of inbreeding if they are bred in the
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way of an idealized population. Ne was estimated using changes in individuals’ inbreeding
coefficients (Fi) as suggested by Gutiérrez et al. (2008b) and modified by Gutiérrez et al.
(2009b). The individual increase in inbreeding coefficients was averaged, and the effective

population size was determined as described by Falconer and Mackay (1996):
1

B
2AF
Where Ne = Effective population size; AF = Inbreeding rate

Additionally, Ne was also calculated by individual inbreeding coeflicients; regressed
on the equivalent generations, complete and maximal generations traced as described by Maignel

etal. (1996).
34.5 Geneorigin probabilities

The genetic background in terms of the probability of gene origin was determined by
computing the various parameters in the Vrindavani population. The effective number of founders
(f.) was calculated as the number of founders who would be expected to contribute equally
with genetic material to produce the same genetic diversity as the population under consideration
(Lacy, 1989). This was calculated as:

I

1

% F 2
Z;{:l qk

Where f_is the effective number of founders and g, is the estimated proportional
genetic contribution of founder K, as determined by the average founder relationship to each

animal in the current population.

The effective number of ancestors (f,) refers to the minimum number of individuals

(founders or non-founders) that are required to explain the complete genetic diversity of the

current population. It was computed to assess the incidence of population bottlenecks in the
population (Boichard et al., 1997).

4

. 1

Where f_refers to the total number of ancestors and q indicates the marginal

contribution of j ancestor. The marginal contribution refers to the genetic component of an
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ancestor that could not be explained by other previously selected ancestors (Boichard et al.,
1997). The founder genome equivalents (fg) account for genetic variation that may be lost due
to randomdrift in small populations, even if every one of the founders made an equal contribution
to the population (Lacy, 1989). The inverse of twice the average coancestry between individuals

in the reference population was used to calculate the fg:

e EJ?

Where, f indicates the average co-ancestry between participants in the reference
population. The fg is always smaller than both f_and f_, and it accounts for all factors that
influence gene loss during segregation. The non-founder genome equivalents (fng) account for
genetic diversity loss due to genetic drift, accumulated over non-founder generations. This was

computed as per Caballero and Toro (2002):
1 1 1

_— 1 —

fog 15 1o

The genetic bottleneck was determined by calculating the number of ancestors in
the population who contributed the majority of 50 percent of genes (f_50) and the f /f_ratio.
The f is expected to be smaller than the f_ if there is a bottleneck, which can be indicated by

the fe/faratio.
3.4.6 Genetic diversity (GD)

The degree of genetic variation in the reference population in comparison to that existing
in the base population is expressed as N, expected heterozygosity. This was computed as per

(Lacy, 1989 1995).

GD —1-——
21,
Genetic diversity in the base population was calculated as:
GD =1-—
2f

e

The difference between GD* and GD was computed as per (Caballero and Toro

2002):

GD -GD=__
X

ng
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The genetic diversity that has been lost in the population of the founder generation was
estimated by 1-GD. The genetic diversity loss by unequal distribution of founder alleles was

estimated by 1-GD* as per (Caballero and Toro 2002).
3.4.7 Genetic conservation index

Genetic conservation index (GCI) was estimated from genetic contributions of all
the identified founders ofthe reference population as per (Alderson, 1992).
GCI, = ToF
Where, P, is the percentage of genes of j™ founder, contributed to the pedigree of i
animal. The estimation of GCI is based on the assumption that breeding program aims to retain
complete set ofall the alleles from the base population.

3.5 Genetic evaluation of growth, production, and reproduction
traits in Vrindavani cattle

3.5.1 Framework of data for growth traits

The present study used 36,353 body weight records on 9587, Vrindavani animals,
that had descended from 253 sire across different generations. The data was sourced from
pedigree cum history sheets, which provided details about the animals’ dates of birth, sexes,
seasons of birth, period of birth and other important parameters. Body weight traits were
recorded at birth, three-month, six-month, 12-month, 18 months, and 24-month, Body weight
was recorded using traditional and digital scales at different ages. The study also included four
non genetic factor i.e, season of birth (December to February, March to May, June to August,
and September to November), period of birth (5 levels with 10-year durations each), two
levels for sex (male and female), and lactation number ofbirth (six level). The structure of the
dataset has been described in Table 3.5.1. The study aimed to examine how non-genetic

factors affected body weight at different life stages.
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Table 3.2: Structure of dataset for growth traits

Traits WO W3 W6 W12 W18 W24
No of animals 9587 6517 5183 4099 3610 3275
No of Sires 253 242 234 222 218 216

No of Dams 3146 2718 2420 2144 1994 1878

Minimum weight (kg) 15.00 35.00 65.00 89.00 115.00 175.00
Maximum weight (kg) 44.00 110.0 195.00  255.00 340.00  420.00
Average weight (kg) 23.15 57.46 93.71 156.04 228.78 292.91
Standard deviation (kg) 4.10 11.89 16.98 2542 30.57 38.52

3.5.2 Framework of datafor production and reproduction traits

The study utilized production and reproduction data from Vrindavani cattle maintained
at the Cattle and Buffalo farm of ICAR-IVRI, spanning multiple generations. A total of 3,074
animals contributed 26,957 production data points across four distinct production traits (Table
3.4), while 2,979 female cattle provided 26,515 reproduction records across five traits (Tables

3.4). These animals were traced their lineage to 147 sires and 1,949 dams for production data

Table 3.3: Sudied productiveand production traitsin Vrindavani cattle

Traits Definition

Total lactation milk yield (TLMY) Total amount of milk produced by a cow over the entire lactation
period

305- Day milk yield (305-DMY) Total amount of milk produced by a cow in first 305 day of
lactation period

Lactation length (LL) Time period for which a cow produces milk following parturition

Peak yield (PY) Highest amount of milk produced by a cow in a single day during
her lactation period.

Age at first calving (AFC) The age at which a dairy cow gives birth for the first time

Dry days (DD) Stage of lactation cycle where milk production ceases prior to
calving

Inter-calving period (ICL) The period between two successive calving

Gestation period (GP) The time from conception to birth

Service period (SP) The time between the date of calving and the date of next

successful conception
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and 149 sires and 1,446 dams for reproduction data. The data, sourced from pedigree and
history sheets, included details such as identification numbers of each animal, their sire and
dam IDs, dates of birth, periods of calving, and parity information. Fixed effects included in the
study were categorized by season of calving (1-4), period of calving (1-5, each covering a
ten-year span), and parity (1-6), facilitating a comprehensive analysis of production and

reproduction traits across generations.

Table3.4: Structureof dataset for production and reproduction traits

Records TLMY 305 LL P¥ AFC ICT DD GP SP
DMY

No of animals 3074 2374 3074 2713 2979 2558 2429 2500 2614

No. of animals without offspring 1572 1136 1562 1293 1740 1261 1182 1225 1276

No. of animals with offspring 1502 1238 1512 1420 1595 1297 1247 1275 1338

No. of sires with progeny records 147 136 147 112 149 141 140 139 140
No. of dams with progeny records 1949 1102 1949 1308 1446 1156 1107 1136 1198
Progeny per sire 2091 1745 2091 2422 20 1814 1735 1798 18.67
Progeny per dam 157 215 157 207 206 221 219 220 218
No. of animals with unknown sire 440 353 437 297 458 406 387 398 393
No. of animals withunknowndam 783 661 785 529 810 721 698 709 700

No. of animals with maternal 1783 1371 1799 1844 1962 1400 1319 1362 1496
grandsire
No. of animals with maternal 1624 1213 1635 1648 1789 1261 1181 1232 1362
granddam

3.5.3 Data analysis using statistical methods

The analysis of body weight, production and reproduction traits in the Vrindavani
crossbred population was conducted using the WOMBAT program, which employs the REML
algorithm to determine (co)variance structures (Meyer, 2007). Eight distinct univariate animal
models were fitted to body weight data (BW0, BW3, BW6, BW12, BW18, and BW24),
and eight distinct univariate repeated animal models were fitted to production data (TLMY,
305-DMY, LL, and PY) and reproduction traits (AFC, ICP, DD, GP, and SP) incorporating

random effects such as animal additive genetic effect, maternal additive genetic effect, sire
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effect, permanent environment effect, and the covariance between additive genetic and maternal
genetic effects. Fixed effects included season of calving (winter, autumn, summer, rainy), period
of calving (1-5), sex of the animal (only for body weight traits), and the number of lactations in
which the animal was born (1-6), while the inbreeding coefficient of animal and AFC ofthe

dam were included as fixed covariables.

The models were compared based on the inclusion or exclusion of random effects and
the animal inbreeding coefficient as a fixed covariable. Model I incorporated the animal additive
genetic effect as the sole random variable, along with residuals, while Model II excluded the
inbreeding coefficient as a fixed covariable. Model I1I added the maternal additive genetic
effect as arandomeffect, and Model IV excluded the inbreeding coefficient. Model V introduced
a correlation between animal and maternal additive genetic effects, with Model VI excluding
the inbreeding coefficient. Model VII extended Model I11 by incorporating the sire effect, and
Model VIII excluded the inbreeding coefficient from Model VII. Table 2 highlights the
fundamental differences in these models, while Table 3.5.3 outlines their key variations among
the models.

Table3.5: Summary of modelsused for fitting onto theproduction and reproduction
data of Vrindavani cattlepopulation

Fixed and random effect M odels
| Il Il v \Y/ Vi Vi Vil

Fixed effect (season and period Y Y Y Y Y Y Y Y
of calving, and parity)

Animal genetic effect A A A A A A A A
Maternal genetic effect - - M M M M M M
Permanent environment effect* Pe Pe Pe Pe Pe Pe Pe Pe
Animal and Maternal genetic - - - - Y Y - -

correlated

Sire genetic effect - - S S
Inbreeding (Covariable) 54 - Fx - Fx - Fx -

AFC of dam (Covariable) Y Y Y Y Y Y Y Y

Y refers inclusion while dash ‘— ‘refers not exclusion; A indicates use of an animal genetic effect; S indicates sire
effect as random effect; M indicates use of a maternal genetic; Pe is permanent environmental effects; and Fx indicate
Inbreeding covariable. *Not included in growth traits.
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The tested models, illustrated in matrix form, are:

Y=XB+Za+ZPete D
Y =XB +Z a+Z Pe+e (Additive genetic effect without Fx) (1D
Y=XB+Za+ZPetZm+e (1ID)
Y =XB +Z a+ZPe+Zm+e(Maternal additive genetic (Iv)
effect without Fx)

Y=XB+Za+ZPe+Zm+e, Cov(a,m)=Adam V)

Y=XB+Za+ZPe+Zm+e, Cov(a,m)=Adam (Maternal additive (VI)
genetic effect with correlated structure without Fx)

Y=XB+Za+ZPe+Zm+Zs+e (VID)
Y=XB+Za+ZPe+Zm+Zs+ e (Sire random effect without (VIID)

Fx: besides other factors)

Here, Y represents the vector ofobservations ofa growth, production, and reproduction
trait. The vector 3 encompasses the fixed effects, including the season of calving, period of
calving, parity, and fixed covariables like the inbreeding coefficient and the AFC of the dam.
The vector a denotes the additive genetic effect, mrepresents the maternal additive genetic
effect, Peis the permanent environment effect, and S captures the sire effects. The vector e

contains the random residuals.
X,Z2,,Z,Z,and Z,were corresponding incidence matrices.

It was assumed that the random effects followed a normal distribution with a mean of

zero and a non-zero variance.

a Ac% AGum O 0 0

- | AGwm AGCm 0 0 0
Var Jpel = 0 0 Igzpe 0 .

. 0 0 0 Is> 0

© 0 0 0 0 Io%
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Where

o’ is the additive genetic variance,

o is the maternal additive genetic variance,

Gzpe is the permanent environment effect variance

o, refers to the covariance between additive and maternal genetic effects,
o’ is the sire additive genetic variance

o’ is the residual variance.

A is the numerator relationship matrix and

I is the identity matrix.

Note: For growth traits, the permanent environment effect due to repeated records
was not included, while the sex ofthe animal was included as a fixed effect. All other components

ofthe models remained consistent with those described above.
3.5.4 Comparative evaluation of fitting of different models

The identification of the most suitable (best-fit) univariate model for each trait was
undertaken using the log-likelihood ratio test (LRT) as outlined by Meyer (1991). Statistical
significance was evaluated at a threshold level of p<0.05 by analyzing twice the differences in
log-likelihoods, represented as -2logL., against critical values from a chi-squared distribution.
The degrees of freedom for this comparison were dictated by the variances associated with

the two models being evaluated.

A2=-2(LogL -LogL

reduced model full model)

Heritability (h*) was obtained in all models; however, maternal heritability (m?) was
estimated in models ITI, IV, V, VI, VII, and VIII. Sire variance s*> was estimated in VII models
and VIII, whereas correlations between additive and maternal additive genetic (r, ) components

were obtained under models V and V1.
Assumption of the model were

V(@) =Ac’ V(m) =V o’ V(s)=V o’ and V(e) =Ic’,
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Those estimated (co) variance components were used to obtain,

(h*= 0o’ /o’p) = Animal’s own additive effect

(m’= o’ _/6°p) =Maternal additive effect

(s* = o’s/c?p) = Sire additive effect

[r, = (o, /[0’ *xc” )] =Additive maternal genetic correlation

3.6.  Artificial neural network (ANN) analysis

ANN were employed to predict three performance traits: TLMY, 305 DMY, and PY.
The analysis was conducted using MATLAB software (version R2024b), utilizing the neural

network toolbox.
3.6.1 Data structure and description

The input variables for the study included both categorical and continuous data. The
categorical inputs, which were one-hot encoded (convert categorical input into a numerical
format), comprised the following: SOB and POB). The continuous inputs, which were
normalized, included BW0O, BW3, BW6, average milk production during the calving month
(M1), milk production during the second month (M2), and milk production during the third
month (M3).

Note: Milk production during the second month (M2), and milk production during the
third month (M3) was not included as input in prediction of PY

3.6.2 Data Preprocessing

Data preprocessing was performed in Rstudio prior to ANN analysis. Categorical
nput variables were hot encoded, converting them into binary format suitable for neural network
input. Continuous variables were normalized to a range of 0 to 1 to ensure uniformity and

enhance the efficiency of model training.
3.6.3 Dataset and Training

The pre-processed dataset was partitioned into three subsets: training (70%), validation
(15%), and testing (15%) using MATLAB default splitting mechanism. The training subset
was used to optimize network weights, the validation subset monitored generalization and

overfitting, and the testing subset evaluated final model performance.
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3.6.4 Neural Network Architecture

ANN used in this study was configured as a feedforward backpropagation multilayer
network to model the relationships between input variables and performance traits. The network
architecture included an input layer, one hidden layer, and an output layer. The input layer
consisted ofnodes corresponding to the pre-processed input variables, with categorical variables
one-hot encoded and continuous variables normalized to a range of0 to 1. The hidden layers
consisted of neurons that processed the input data through nonlinear transformations. The
number of neurons in hidden layer was optimized based on the performance ofthe model each

performance trait.

The activation functions used in the hidden layers were the sigmoid. Sigmoid was used
to introduce non-linearity while providing an efficient and fast convergence by avoiding the
vanishing gradient problem. The output layer consisted ofa linear activation function to undertake
continuous predictions for each performance trait (TLMY, 305 DMY, and PY). The network
was trained using the Levenberg-Marquardt algorithm, which is well-suited for medium-sized
networks and efficiently optimizes the weights and biases to minimize the mean squared error
(MSE). The training process was performed for 1000 epochs, with early stopping applied if

the validation performance degraded or convergence was achieved.

In addition to the Levenberg-Marquardt algorithm, two alternative training algorithms,
including Bayesian regularization (trainbr), which helps prevent overfitting, and scaled conjugate

gradient (traincgs), suitable for optimizing larger networks efficiently were also used in study.
3.7 Bayesian neural network (BNN) analysis

BNN approaches were employed to predict three performance traits: TLMY, 305
DMY, and PY. The analysis was conducted in Python 4.0, utilizing libraries such as pandas,

numpy, scikit-learn, and Keras.
3.7.1 Data structure and description

The input and output variables used in this study follow the same data structure as

those utilized in the ANN model.
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3.7.2 Data preprocessing

Missing values in the dataset were imputed using the mean imputation strategy
implemented with the Smplel mputer class from the sklearn library. Categorical variables
(SOB and POB) were encoded into numerical format using Label Encoder for compatibility
with machine learning algorithms. To capture potential non-linear relationships among the
variables, polynomial features up to the second degree were generated using the Polynomial

features class from Sklearn.
3.7.2 Dataset partitioning

The dataset was split into training and test sets, with 85% allocated for training and
15% for testing. During model training, the training data was further divided into training and
validation subsets in an 85:15 ratio to monitor performance and mitigate overfitting. using the

train_test_gplit function with a random seed of42 for reproducibility.
3.7.3 Feature Scaling

Numerical variables were standardized using the SandardScaler function to ensure

uniform scaling and optimize model performance during training.
3.7.4 Bayesan neural network architecture

A BNN model was developed using the Sequential model from the Keraslibrary.

The architecture consisted of:

1. An input layer with 28 neurons and ReLLU activation to process the transformed feature
set.
2. First hidden layers, each with 56 neurons and ReL U activation, interspersed with a

dropout layer (30% dropout rate) for regularization.
3. Second final hidden layer with 28 neurons and ReLLU activation.

4. An output layer with a single neuron for predicting continuous target traits.

The model was compiled with the Adam optimizer and a mean squared error loss

function to minimize prediction error
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Fig3.1a: Architectureof ANNfor TLMY

Fig 3.1b: Architectureof ANN for 305-DMY



Fig 3.1c: Architectureof ANN for PY
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3.7.5 Training and Optimization

The model was trained using a batch size of 52 over a maximum of 1000 epochs.
Early stopping with a patience parameter of40 epochs was applied to monitor validation loss
and prevent overfitting. A 15% validation split from the training data was utilized for model

validation during training.
3.8  Model assessment and comparison

The performance of ANN and BNN models was evaluated and compared using
standard regression metrics, including mean absolute error (MAE), mean squared error (MSE),
root mean squared error (RMSE), R-squared (R?), and Pearson’s correlation coefficient (r).
These metrics provided a robust framework for assessing prediction accuracy and model

reliability.

R/

> MAE: This metric quantifies the average difference between observed and predicted
values by averaging the absolute differences across the dataset. Lower MAE values

indicate better model accuracy.

> MSE: MSE evaluates the average squared difference between observed and predicted
values, penalizing larger errors more significantly, making it suitable for detecting

substantial deviations.

> RMSE: RMSE, as the square root of MSE, provides an error measure on the same

scale as the original data, offering an intuitive representation of prediction error.

> R?: Also known as the coefficient of determination, R> measures the proportion of
variance in the observed data explained by the model. Ranging from 0 to 1, higher
values signify better model performance and closer alignment between predicted and

actual values.

> r: This metric evaluates the linear relationship between observed and predicted values.
The correlation coefficient (r) ranges from -1 to 1, where values closer to 1 indicate a

strong positive correlation, reflecting high predictive accuracy.
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Where,
Vv — predicted value of v
Vv — mean value of v

The model that exhibited the highest R? and r values, along with the lowest MSE,
MAE, and RMSE values, was regarded as the most efficient
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RESULTS

Vrindavani is a crossbred population, developed by crossing Hariana cows with sires

of exotic inheritance (Holstein-Friesian, Jersey, and Brown Swiss) in various combinations,
with subsequent interse mating during later generations. Constant assessment of population
structure, genetic architecture, and other genealogical parameters, along with their dynamics is

essential for the planning and implementation of an efficient breeding programme.

The main demographic characteristics, as derived from genealogical data of the
Vrindavani population, have been summarized in Table 4.1. The number of founders with
unknown pedigrees (both parents unknown) was 2620, out of'the total 12718 animals present
in the data, thus accounting for ~20.60% ofthe total population. The pedigree completeness
and number of breeding animals of the Vrindavani population has been summarized in Fig. 4.1;
the completeness of ancestral generations decreased with an increase in pedigree depth. The
percentage ofanimals with complete known pedigree in the immediately preceding generation
was 80.87%, revealing a near-optimal degree of pedigree completeness, which could be
suitable for analysis of the population structure and genetic architecture ofthis population. The
pedigree completeness level was 52.56, 32.87, and 15.97% in the second, third, and fourth
generations of the whole pedigree respectively. The pedigree of recent generations was more
detailed as compared to older generations. The integrity of pedigree information in a population
may be assessed using the equivalent number of complete generations. In the present study,
the maximum number of generations (MG) in Vrindavani cattle based on pedigree data was 13
(Fig 4.2), while the number of completed (CG) and equivalent generations (EqG) were 3.23
and 1.95, respectively. The average values of mean maximum generations, mean complete

generations, and mean equivalent generations were 3.91, 1.44, and 2.17, respectively.
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Table4.1: Summary of pedigreeanalysisof Vrindavani cattle

|tems

Whole population

Total number of animals in whole population 12718
Total number of effective sires 478
Total number of effective dams 4663
Maximum parental family size 2244
Maximum maternal family size 2654
Number of matings between half sibs 146
Number of matings between parent and offspring 272
Number of inbred animals 3116
Number of non-inbred animals 9502
Number of animals with both parent unknown (founder) 2602
Number of animals with one parent unknown (half founders) 2435
Number of animals with both known parents 10098
Number of animals without progeny 7695
Number of animals with progeny 5023
Mean maximum generations 3.91
Mean complete generations 1.44
Mean equivalent generations 2.17
Mean inbreeding coefficient (% F) for whole population 1.11%
Mean inbreeding coefficient (% F) for reference population 3.44%
Genetic conservation index (GCI) for the whole population 4.11
Total number of animals in reference population (year 2010-2023) 4746

4.1

Probability of gene origin

The number of founders in the whole population was 2620, while the effective number

of founders was 118, representing around 4.48% of the founders. Similarly, the total number

of founders in the reference population was 235. On the other hand, the effective number of

founders was 16, representing 6.80% ofthe founder animals in the cohort. The number of

ancestors describing 50, 75, and 100 percent of the gene pool in the whole population was

58, 149, and 2194, respectively. The main parameters characterizing probability of gene origin

in Vrindavani population summarized in Table 4.2. These losses in population were inevitable

for genetic improvement because selected sires were utilized in mating.
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GGS25.13 GGS 30.99 GGS34.53 GGS42.44

GGD 24.28 GGD 30.99 GGD 31.97 GGD 42.66

Fig. 4.1: Overview of pedigreecompleteindex (%)
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Fig. 4.2: Averageknown ancestorsper generationsin Vrindavani cattle
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Table 4.2 Parameterscharacterizing probability of geneorigin in Vrindavani cattle

herd
Parameters characterizing probability of gene origin Value
Total number of animals in population 12718
Whole Population
Number of founders contributing to whole population 2620
Effective population size of founder 174.92
Effective number of founders (f)) for whole population 115
Number of ancestors contributing to whole population 2194
Effective number of ancestors (f)) in whole population 78
Effective size obtained from regression on the birth date 77.40
Effective size obtained from Log regression on the birth date 71.24
Reference population
Number of animals in reference population (2010-2023) 4746
Number of founders contributing to reference population 235
Effective number of founders (f) for reference population 16
Number of ancestors contributing to reference population 223
Effective number of ancestors (f) in reference population 15
Effective number of Founder genome equivalent (fg) 9.44
Effective number of non-founder genomes (fng) 0.17
Comparison between parameters
f/f for whole population 1.19
f/f for reference population 1.20
1/2f for reference population (%) 0.47
fe/fg for reference population 1.69
Expected inbreeding (%) due to unequal founder contributions 0.29 %
Number of ancestors describing 50 %, 75 % and 100 % of the 58,149, 2194
gene pool in whole population
Number of ancestors explaining 50 %, 75 % and 100 % of the gene 6, 14,204
pool in reference population
Mean average relatedness (% AR) for whole population 1.16 %
Mean average relatedness (% AR) for reference population 3.49
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4.2 Generation interval

Generation interval (GI) of a population is an important parameter that is directly
related to selection response and yearly trends thereof. Table 4.3 depicts the descriptive details
pertaining to the average generation interval of the population and estimates across four possible
selection pathways. The mean GI ofthe whole Vrindavani population was 6.90 years.

Table4.3: Generation intervalsin (years) for four pathwaysof Vrindavani cattlefor
wholepopulation

Pathway Whole population

No. Gl £ SE (years)
Sire-Son 103 8.44+0.43
Sire-Daughter 2763 8.49+0.07
Dam-Son 103 6.96+0.58
Dam-Daughter 2781 5.29+0.05
Total 5750 6.90+0.05

GI = Generation intervals; SE = Standard error
4.3 Inbreeding and average relatedness

The mean coefficient of inbreeding (%F) for the whole population was 1.1%, while
the estimate was 3.44% for the reference population. The average increase in the coefficient of
inbreeding over maximum, equivalent, and complete generations was 0.43, 1.09, and 0.89%,
respectively (Table 4.4). The percentage of inbred animals in the whole population was 25.23%.
In the whole population, 25.23% ofthe animals were inbred, out of which 48.57% were males
and the rest were females. However, males (1.19%) had a slightly higher inbreeding coefficient
than females (1.05%). This shows an corporately intense selection of males over females. The
herd was under constant selection pressure, and accordingly, males were stringently selected
based on the dams’ yield. Due to the closed flock structure with no inheritance from outside
gene pool, the average inbreeding coefficient and percentage of inbred animals increased with

increasing generation number.

The mean average relatedness (%AR) for the whole population was 1.16%, while the

estimate was 5.49% for the reference cohort. The interpretation of average relatedness and
p g
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inbreeding parameters should take into contribution the nature of the flock and pedigree depth.
AR was greater than the mean inbreeding coefficient in the Vrindavani population. The increase
in inbreeding estimates with maximum, complete, and equivalent generations was 0.43, 0.89,
and 1.09 %, respectively. The mean inbreeding coefficient, percentage of inbred animals, and
average relatedness among animals increased across the completed generations. A higher
average relatedness combined with a lower inbreeding coefficient indicates a high degree of
relatedness among all individuals in the pedigree dataset. This could lead to difficulties while
trying to avoid mating between unrelated or distantly related individuals. About 5.52 % of'total
matings were highly inbred. Out of which, 1.15% (n=146) were half-sib and 2.14% (n=272)
were parent-offspring mating. The expected contribution to inbreeding due to the unbalanced

number of founders was 0.29% in the Vrindavani population.

Table 4.5 depicts the estimates ofaverage inbreeding coefficient (F), percentage of
inbred individuals (POR), average F for inbred animals (FP), and average relatedness coefficient
(AR) across the maximum and completed generations. The mean inbreeding coefficient
increased irregularly from the second generation (0.29) onwards during subsequent generations.
The estimate was the highest in the 13™ generation (6.36%).

Table4.4: Estimatesof theincreasein inbreeding and effective population sizein the
Vrindavani cattle

Par ameter Method of estimation Value
Inbreeding increase (%) Maximum generations 0.43%
Equivalent generations 1.09%
Complete generations 0.89%
Effective population size Maximum generations 115.76
Equivalent generations 40.58
Complete generations 46.04
Individual increase in inbreeding 56.42
Regression on equivalent generations 39.59
Log regression on equivalent generations 50.34
Regression on birth date 77.40
Log regression on birth date 71.24
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Table4.5: Generations(G), number of animals(N), averageinbreeding coefficient
(F), percentageof inbred individuals (POR), average F for inbred animals
(FP), and average relatedness coefficient (AR) per generation for
Vrindavani cattle using Maximum number of generations (MG) and

completenumber of generations(CG) traced

M aximum gener ation (MG)

Generation Noof MeanF % Inbred AverageF AR
animals for inbred
0 2250 0.00% 0.00% 0.00% 0.04%
| 2721 0.00% 0.00% 0.00% 0.16%
2 1245 0.29% 1.53% 19.08% 0.67%
3 1392 0.96% 524% 18.32% 097%
4 1130 1.42% 9.56% 14.81% 1.69%
5 1109 1.71% 12.89% 13.24% 2.03%
6 940 251% 2543% 9.88% 229%
7 779 2.84% 45.19% 6.29% 2.73%
8 455 427% 62.20% 6.86% 3.06%
9 316 2.89% 55.70% 5.19% 3.08%
10 205 3.02% 62.44% 4.84% 323%
11 145 447% 83.45% 5.36% 329%
12 29 7.05% 89.66% 7.86% 3.39%
13 2 6.36% 50.00% 12.725 243%
Completegenerations(CG)
0 2620 0.00% 0.00% 0.00% 0.08%
1 4688 0.77% 4.61% 16.78% 0.73%
2 3516 1.05% 825% 12.70% 1.54%
3 1607 2.63% 55.63% 4.73% 2.86%

4.4 Effective population size

The estimates of effective population size (N ) across the years in the Vrindavani

population have been depicted in Fig 4.3. The average Ne estimates from maximum, equivalent,

and complete generations were 115.56, 56.42, and 46.02, respectively. The effective population

size based on regression and log regression on birth date was 77.40 and 71.24, respectively.

The effective population size of the founders was 174.92
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4.5 Genetic Conservation Index (GCI) and genetic diversity (GD)

Individuals would typically get equal contributions from all the founding descendants
of'a population, leading to better values for animal conservation. An animal’s conservation
value increases with its GCI score. The average estimate of GCI in all animals was 4.11, and
the males recorded higher GCI than the females. The mean values of GCI for all individuals in
the population improved continuously over time and reached a maximum value of 15.03,
which was estimated for one individual. The proportion of animals with a GCI greater than 10

was 3.22%.

The estimated value of GD in the reference population relative to the base population
or Neiexpected heterozygosity was 0.947, indicating that 5.3 % of the genetic diversity in the
base population was lost during the study period. However, the genetic diversity estimated for
the base population (GD") was 0.969. In the founder generation, losses in heterozygosity due
to genetic drift and bottleneck effects (1-GD) and uneven contributions of founder alleles (1-
GD*) were calculated as 0.053 and 0.031, respectively.

4.6 Descriptive statistics of growth, production, and reproduction
traits

Table 4.6 presents the descriptive statistics for the growth, production, and reproduction
traits of Vrindavani crossbred cows, providing an overview ofthe number of records, mean,
standard deviation (SD), coefficient of variation (COV), and range (minimum to maximum) for
each trait. The means for growth traits were 23.15+4.10 kg (BWO0), 47.46+10.89 kg (BW3),
84.71+£14.98 kg (BW6), 156.05+£20.42 kg (BW12), 228.78+25.57 kg (BW18), and
285.03+32.87 kg (BW24). The means for production traits were 3,113.24+885.84 kg
(TLMY), 2,977.5+853.05 kg (305-DMY), 298.35+59.8 days (LL), and 14.544+4.80 kg
(PY). The means for reproduction traits were 979+180 days (AFC), 435+112.4 days (ICL),
104+27.78 days (DD), 278.6+11.61 days (GP), and 140.58+46.89 days (SP). These results
indicate varying levels of diversity across the growth, production, and reproduction traits in

Vrindavani crossbred cows.
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Table 4.6: Data structure and summary statistics for growth, production, and
reproduction traitsof Vrindavani crossbred cattle

Traits Noof Mean SD cov Minimum  Maximum
recor ds
BWO (kg) 8841 23.15 4.10 17.71% 15 44
BWS3 (kg) 6517 4746 10.89 22.94% 35 110
BW6 (kg) 5183 84.72 14.98 17.68% 40 195
BW12 (kg) 4099 156.05 2042 13.09% 89 255
BW18 (kg) 3610 228.78 25.57 11.77% 115 340
BW24 (kg) 3275 285.03 32.87 11.53% 175 420
TLMY (kg) 7977 311324 885.84 28.54% 1000 82434
305-DMY (kg) 2374 29775 853.05 28.64% 1275 7186.5
LL (days) 7977 298.35 59.80 20.04% &4 610
PY (kg) 6833 14.54 4.80 33.01% 25 33.01
AFC (days) 2979 979 180 18.38% 703 2332
ICL (days) 6265 435 112.40 25.83% 312 1671
DD (days) 5399 104 27.78 26.71% 20 295
GP (days) 5873 278.60 11.61 4.17% 235 433
SP (days) 5999 140.58 46.89 33.35% 43 387

4.7 Covariance components and genetic parameters for growth
traits

Table 4.7 provides a comprehensive summary of the (co)variance components and
genetic parameters for various body weight traits (BW0, BW3, BW6, BW12, BW18, and
BW24) in crossbred cattle across eight models, offering insights into genetic and environmental
influences. For BWO, the additive genetic variance (6 ) ranged from 2.331 in model 8 to
3.428 inmodel V, reflecting variability in genetic contributions. Maternal genetic variance
(c® ) appears inmodels 11 to VIII, spanning from 0.130 to 1.252, while antagonistic maternal-
additive covariance (c® ) was evident in models V and VI with negative values (-2.15 and -
2.19). Residual variance (c* ) was stable across models, between 13.632 and 13.772, with
phenotypic variance (Gzp) varying slightly from 16.105 to 17.3159. Direct heritability (h?)
estimates ranged from 0.134 in model VIII to 0.225 in Model V, while maternal heritability
(m?) spanned 0.007 to 0.082 in models III to VIII. Sire variance (c*) was significant in
models VII and VIII, with values 0f0.0636 and 0.0624. A negative genetic correlation (r )

between additive and maternal effects was observed in models V and VI.
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For BW3, ¢ ranged from 21.390 in model IV to 27.474 in model VI, with ¢*
present in models I1 to VIII, ranging from 0.10 in models VII and VIII to 16.856 in model V1.
Negative 6> was scored inmodels V and VI (-12.149 and -11.158), indicating antagonistic
interactions. The 6” is stable, ranging from 56.309 inmodel V to 74.084 in model VIII, while
o’ varied between 88.232 inmodel Vand 97.655 in model VIII. Heritability estimates range
from 0.229 in model VIII to 0.3091 in model V, with maternal heritability ranging from 0.019
to 0.188 in models I1I to V. The 62 in Models VII and VIl is 1.194 and 1.168, respectively.

For BW6, ¢? fluctuated between 25.843 in model IV and 33.354 in model VI, with
o”_present inmodels II to VIII, spanning from 0.1 in models VII and VIII to 20.956 in model
VI. Negative 6> _ was observed in models V and VI (-18.354 and -12.350). The c* ranged
from 181.259 in model VI to 199.236 in model VIII, while o’ peaked at 229.95 in model
VIII and is lowest at 219.43 in model I'V. Heritability estimates ranged from 0.118 in model I
to 0.149 in model VI, with n?* ranging from 0.007 in models III and IV to 0.093 in model VI.
The o® estimates in models VII and VIII were similar (1.322 and 1.331).

For BW12, 6? ranged from 15.510 in model Il to 18.397 inmodel VI, and 6 _in
models IT to VIII, ranging from 0.10 in models VII and VIII to 4.546 in model V1. The c?,
was relatively stable, varying from 128.81 in model I'V to 134.02 in model VIII, while 02p
spanned 142.988 in model VI to 230.06 in model VII. Heritability estimates ranged from
0.105 in model III to 0.128 in models V and VI, with m? ranging between 0.018 and 0.031 in
models Il to VI. The o* estimates in models VII and VIII were 1.094 and 1.096, respectively.

For BW18, 6 and 6> trends mirrored those in BW12, with notable negative > _in
models IV and V (-4.10 and -4.30). The o? ranges from 128.81 in model IV to 134.02 in
model VIII, with 6 between 142.99 in model VI and 230.06 in model VII. Heritability
ranged from 0.105 to 0.128 across the models, and m? spanned from 0.018 to 0.031 in
Models 11 to VI.

For BW24, ¢? varied from 8.27 in model VII to 11.90 in model VI, while the ¢*
ranges from 0.10 in models VII and VIII to 2.83 in model VI. Anotable negative 6> was
observed in models V and VI (-4.02 and -3.91, respectively). The c? spanned from67.59 in
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model IV to 72.24 in model VIII, with o’ ranging between 79.90 in model I and 81.55 in
model VIII. Heritability was lowest in model I at 0.11 and peaked at 0.15 in model VI.
Maternal variance ranged between 0.01 inmodels VII and VIII and 0.04 in models Il and IV.

Across all traits, the findings emphasized the intricate interaction among the additive
genetic effects, maternal influences, and environmental factors in determining phenotypic variance
in crossbred cattle population. The genetic parameters for various models applied to body

weight traits have been presented in Fig. 4.4.
4.7.1 Effect of inbreeding on growth traits across different models

The effect of inbreeding on various models and growth traits of Vrindavani cattle
revealed significant differences when Fx was included or excluded. For body weight traits,
models incorporating Fx (Models I, I11, V, VII) consistently demonstrated lower ¢*a compared
to their counterparts without Fx (Models II, IV, VI, VIII), indicating that inbreeding reduces
genetic variance. This pattern was observed across all growth traits, including BW0, BW3,
BW6, BW12, BW18, and BW24. Additionally, models accounting for Fx were revealed to
exhibit slightly reduced heritability estimates, further highlighting the adverse effects of inbreeding.
Overall, the inclusion of inbreeding effects led to a reduction in both genetic variance and
heritability estimates, underscoring the detrimental impact of inbreeding on the genetic potential
and performance of Vrindavani cattle. Specifically, the percentage decrease in 6%a due to
inbreeding was: 3.75% for BWO0, 4.76% for BW3, 10.7% for BW6, to 4.92% for BW12,
5.52% for BW18, and 12.3% for BW24. These findings highlighted the importance of managing
inbreeding in order to preserve the genetic diversity and maintain the productivity of Vrindavani
cattle.

4.8 Covariance components and genetic parameters for production
traits

Table 4.8 provides a comprehensive summary of (co)variance components and genetic
parameters for TLMY, 305-DMY, LL, and PY in crossbred Vrindavani cattle across eight

models, highlighting the contributions of genetic and environmental factors to the observed

phenotypic variance.

Population dynamics and genetic modelling of performance traits in Vrindavani cattle 5
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For TLMY, the 6* ranged from 9.2645 in model VII to 17.162 in model VI. The >
was present in models III through VIII, with the highest value observed in model VI (1.371)
and the lowest non-zero values in models IIT and I'V (0.10). models V and VI also included
%", showing negative values (-4.012 and -4.164). the 6® was incorporated in models VII
and VIII, with values 0f2.092 and 2.021, respectively, highlighting sire contributions to
phenotypic variance. Permanent environmental variance (% ¢ ) was consistently present across
all models, ranging from 8.896 in models V and VIto 11.719 in models I and I1I. Heritability
estimates varied from 0.131 in model VII to 0.247 in model VI, with the latter indicating a

greater proportion of phenotypic variance attributable to additive genetic factors.

In the case 0f 305-DMY, 6? ranged from 3.032 in model VII to 4.241 in model VI,
showing an increase of approximately 37% in models V and VI compared to model I. The 6>
was highest in models V and V1. The 6®» was present in models VII and VIII, showing a slight
increase 0f 2.4% in model VIII compared to model VII. The 6§ ¢ peaked in model V, with
a 12.5% increase relative to model I, reflecting its substantial impact. The 6** remained stable
across models, while heritability estimates ranged from 0.145 in models VII and VIII to 0.195
in model V1, indicating a 31% higher genetic contribution to phenotypic variance in model VI

compared to model I.

For LL, the o® showed notable increases in models V and VI compared to model I.
The 6™ was included in models III through VIII, with the highest values observed in models
VII and VIII. The covariance between 6>~ exhibited negative values, emphasizing antagonistic
interactions. The 6® increased marginally in model VIII relative to model VII, while 6% ¢
peaked in model VII, highlighting its influence on lactation length. The 6** remained consistent,
with heritability estimates varying from 0.036 in models VII and VIII to 0.085 in model VI,

representing a 39% increase in genetic contributions in model VI.

For PY, o® ranged from 1.850 in model VIII to 3.909 in model V, reflecting variations
in additive genetic variance. The 6>~ was present in models 111 through VIII, with values
ranging from 0.100 to 0.206. The 6> remained stable at approximately 11.7 across models.

Heritability estimates ranged from 0.11 in model VIII to 0.23 in model V, with maternal and

Population dynamics and genetic modelling of performance traits in Vrindavani cattle @
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sire component of variance remaining low at 0.0001 to 0.012 and consistently at 0.019,

respectively, indicating minor but measurable contributions of these effects.

These results highlighted the complex interplay of genetic and environmental factors
influencing TLMY, 305-DMY, LL, and PY in crossbred cattle, underscoring the importance
of model selection in accurately estimating genetic parameters for these economically significant
traits. The genetic parameters for various models applied to production traits are presented in

Fig. 4.5.
4.8.1 Effect of inbreeding on production traits across different models

The effect of inbreeding on various models and traits of crossbred cattle shows notable
differences when Fx is included or excluded. For TLMY, models including Fx (models I, III,
V, VII) generally showed lower additive genetic variance compared to their counterparts
without Fx (Models II, IV, VI, VIII), indicating that inbreeding reduced the genetic variance.
Similar trends are observed in the 305-DMY, LL, and PY traits, where models accounting for
Fx slightly reduced genetic variances and resulted in lower heritability estimates. Overall,
inbreeding effects led to a reduction in genetic variance and heritability estimates across all
production traits, highlighting the detrimental impact of inbreeding on the genetic potential and
performance of crossbred cattle. Specifically, the percentage decrease in additive genetic
variance due to inbreeding in different animal models ranged from 1.32% to 5.25% for TLMY,
0.23% to 0.61% for 305-DMY, 0.29% to 1.30% for LL, and 0.69% to 1.19%.

4.9 Covariance components and genetic parameters for
reproduction traits

Table 4.9 provides a comprehensive summary of estimates for (co)variance
components, genetic parameters, and likelihood values for AFC, ICL, DD, GP, and SP across
eight distinct statistical models. The results highlighted the varying contributions of genetic and
environmental factors to these traits, as well as the effectiveness of each model in capturing

their underlying genetic architecture.

For AFC, o? ranged from 38.035 in model VIII to 49.465 in model V, reflecting

varying levels of genetic contribution to trait variability. The 6>~ was present in models I1, 11,

Population dynamics and genetic modelling of performance traits in Vrindavani cattle @
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IVV, VI, VII, and VIII, with values ranging from 0.0001 to 5.262, underscoring the role of
maternal effects. Notably, models V and VI exhibited negative 6> ~, indicating antagonistic
interactions. The 6® was significant in models VII and VIII, with values of7.091 and 7.014,
respectively, accompanied by minimal additive genetic and direct heritability estimates. The
c** remained stable, while 6°§ ranged from 170.446 to 170.785. Heritability estimates
varied from 0.223 in model VIII to 0.289 in model V, demonstrating the models’ capacity to

capture genetic contributions effectively.

For ICL, the inclusion of 6>~ alongside additive o in models III and I'V significantly
affected the magnitude of additive effects and heritability compared to the simpler animal
models (Models I and II). The highest log-likelihood values and increased heritability estimates
were observed in models V and VI, which incorporated 6>~ . The 6» inmodels VII and VIII
was modest (0.270 and 0.259, respectively), while *° and 6§ remained consistent. Heritability
ranged from 0.023 in model VIII to 0.001 in model V, highlighting the models’ ability to

represent genetic influences on ICL effectively.

For DD, &? varied significantly across models, ranging from 1.064 in model VII to
4.548 in model II, with the latter indicating a stronger genetic influence. The 6*7, present in
models III through VIII, ranged from4.553 to 5.126. models V and VI showed negative 6>
values. The 6§ and 6** were stable across models, and 6°§ remained consistent. Heritability

estimates were low, reflecting limited genetic contributions to DD.

For GP, the inclusion of 6*~ alongside * in Models I1I and IV resulted in significant
changes in additive genetic effects and heritability compared to simpler models. Incorporating
6>~ inmodels V and VI showed the highest log-likelihood values and increased heritability
estimates. The o in models VII and VIII was notable, with values 0f0.476 and 0.491,
respectively, while additive genetic and direct heritability estimates were minimal in models
with sire effects. Residual and phenotypic variances remained consistent, with heritability ranging

from 0.027 inmodel VIII to 0.001 in model V.

For SP, model VI provided the best fit, with a log-likelihood of-17,436.43, indicating

its superior ability to capture the genetic variability. Heritability estimates across all models

Population dynamics and genetic modelling of performance traits in Vrindavani cattle @
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were very low, suggesting minimal contributions of additive genetic effects to SP. The 6*~ was
included inmodels III through VIII, while 6§ * remained consistent across models, highlighting

stable environmental influences.

Overall, the results from Table 4.9 demonstrated the complex relationship of genetic
and environmental factors affecting AFC, ICL, DD, GP, and SP. The variation in (co)variance
components and genetic parameters across models underscores the importance of model

selection in accurately estimating genetic contributions to these traits.
49.1 Effect of inbreeding on reproduction traits across different models

The effect of inbreeding on various models and traits of crossbred cattle showed
notable differences when Fx is included or excluded. For all reproductive traits, models including
Fx (models L, I11, V, VII) generally showed lower additive genetic variance compared to their
counterparts without Fx (models I, IV, IV, VIII), indicating that inbreeding reduces genetic
variance. Overall, inbreeding effects lead to a reduction in genetic variance and heritability
estimates across all reproduction traits, highlighting the detrimental impact of nbreeding on the
genetic potential and performance of crossbred cattle. Specifically, the percentage decrease in
additive genetic variance due to inbreeding ranged from 1.32 to 3.25% for AFC, 2.12 to
5.61% for ICP, 2.29 t0 9.30% for DD, 1.34 to 3.54% for GP, and 5.46 to 28% for SP.

4.10 Comparison of Models for Growth, Production, and
Reproduction Traits

The comparison of models based on log-likelihood values across various growth,
production, and reproduction traits in Vrindavani cattle revealed significant differences. For
growth traits like BW0, and BW6, model VII (include sire and dam effect as random effect
with inbreeding as fixed covariable) consistently showed the highest log-likelihood values,
indicating a better fit compared to the other models. Similarly, for BW3, model VI (with
individual and dam additive effect as correlated without inbreeding as fixed covariable) exhibited
higher log-likelihood values. For BW12, BW18, and BW24, model V (with individual and
dam additive effect as correlated with inbreeding as fixed covariable) exhibited higher log-

likelihood values. In production traits such as TLMY, and PY, model VI consistently proved

Population dynamics and genetic modelling of performance traits in Vrindavani cattle 5
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as the best fit, as evident by its higher log-likelihood values. Notably, for LL, and 305-DMY,
model VIII (with sire and dam effect as random effect without inbreeding as fixed covariable)
emerges as the best-fit model. Among reproduction traits, model VI exhibits the highest log-
likelihood value for AFC, and ICP, while model V best fit for GP, DD and SP. Overall, the
comparison underscores the importance of selecting appropriate models for specific traits.
Models V, VI, VII, and VIII performed better across traits, reflecting their ability to effectively
capture the genetic and environmental variability underlying the growth, production, and
reproduction traits in Vrindavani cattle.

4.11 Artificial neural network for performance traits in Vrindavani
cattle

Artificial neural network (ANN) architectures were employed to predict three
performance traits: TLMY, 305-DMY, and PY. The analyses were conducted using the neural
network toolbox in MATLAB (version R2024b). For TLMY, the model was developed using
a dataset comprising 2,975 first-lactation records with eight input variables (SOB, POB, BWO0,
BW3,BW6, M1, M2, and M3). Similarly, the models for 305-DMY and LL utilized datasets
containing 929 and 2,401 first-lactation records, respectively, with eight input variables (SOB,
POB, BW0, BW3, BW6, M1, M2, and M3) for 305-DMY and six (SOB, POB, BWO,
BW3, BW6, and M1) for LL. In all cases, the target output was the respective performance
trait. The networks were trained using three algorithms: Levenberg-Marquardt (trainlm), scaled
conjugate gradient (trainscg), Bayesian regularization (trainbr). The architectures were evaluated
with 1 to 30 neurons in the hidden layer over 1000 epochs, and the results for training, validation,
and testing datasets have been presented in Table 4.11a, b, and ¢ and result for various ANN

algorithm are described in fig4.11a—4.11liand fig4.11.1a—4.11.1c.

The best performance was for TLMY achieved using 15 neurons in the hidden layer.
Among the algorithms, the Levenberg-Marquardt method attained an R value 0of 0.8426 and
aMSE 0f2.89x10u injust 12 epochs. The scaled conjugate gradient algorithm performed
slightly lower, achieving an R value 0f0.8212 with an MSE of3.22x10u after 64 epochs.
However, Bayesian regularization method demonstrated the best performance, achieving an R
value of 0.8683 and the lowest MSE 0f2.48x10u after 505 epochs, reflecting superior

predictive accuracy despite requiring significantly more computational iterations.
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The best performance for 305-DMY was observed with 20 neurons in the hidden
layer. The Levenberg-Marquardt algorithm achieved an R value 0£0.9206 and an MSE of
8.94x10* in just 8 epochs, showcasing its computational efficiency. The scaled conjugate
gradient algorithm attained an R value 0f 0.9164 with an MSE 0f9.74x10* after 88 epochs,
indicating moderate predictive performance. Bayesian Regularization method outperformed
both, achieving the lowest MSE of 1.02x10° and an R value of 0.906 after 258 epochs,
demonstrating improved predictive accuracy despite a slightly lower correlation coefficient

compared to the Levenberg-Marquardt algorithm.

The best performance for PY was obtained using 12 neurons in the hidden layer. The
Levenberg-Marquardt method achieved an R value 0£0.870 and an MSE 0f2.04 inonly 11
epochs, highlighting its computational efficiency. The scaled conjugate gradient algorithm yielded
an R value 0f 0.85 withan MSE 0f2.27 after 95 epochs, reflecting moderate performance.
Bayesian Regularization method emerged as the best-performing algorithm, achieving the lowest
MSE 0f1.94 and the highest R value of 0.876 after 247 epochs, indicating superior predictive

accuracy despite requiring significantly more iterations.

Across all traits, Bayesian regularization consistently provided the best predictive
accuracy, albeit at the cost ofhigher computational demands, while the Levenberg-Marquardt
algorithm offered high efficiency with slightly lower predictive performance. The scaled conjugate
gradient algorithm demonstrated balanced performance, with estimates between the other two

methods in terms of accuracy and computational efficiency.
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4.12 Bayesian neural network for performance traits in Vrindavani

cattle

Bayesian neural network (BNN) architectures were employed to predict three
performance traits: TLMY, 305-DMY, and PY. The analyses were conducted using the Python
programme (version 4.0). The model for TLMY was developed using a dataset comprising
2,975 first-lactation records with nine input variables. Similarly, the models for 305-DMY and
PY utilized datasets containing 929 and 2,401 first-lactation records, respectively, with nine
input variables for 305-DMY and seven for LL. In all cases, the target output was the respective
performance trait. To better capture non-linear interactions among the features, polynomial

features were generated up to the second degree, expanding the input space for the model.

The dataset was split into training and test sets, with 85% allocated for training and
15% for testing. During model training, the training data was further divided into training and
validation subsets in an 85:15 ratio to monitor performance and mitigate overfitting. All features
were standardized using a standard scaler to normalize the data and ensure consistent scaling,
which is crucial for improving the model performance. The input layer processed 66 features,
including the polynomial-expanded features. The first hidden layer consisted of 28 neurons
with ReLLU activation, followed by a dropout layer with a 30% dropout rate to prevent overfitting.
The second hidden layer comprised 56 neurons with ReLU activation, also followed by a
dropout layer with a 30% dropout rate. Finally, the output layer consisted of a single neuron
for regression, enabling the model to predict performance traits as a continuous variable. The
model was compiled using the Adam optimizer and a MSE loss function. Training was conducted
with a batch size of 52 over a maximum of 1000 epochs, and early stopping was employed

with a patience 0f40 epochs to halt training if the validation loss ceased improving.

The model achieved an R-squared value 0f0.67 for TLMY, explaining 67.21% ofthe
variance in the target variable. The MAE was 420.68, reflecting the average deviation between
predicted and actual values, while the MSE and RMSE were calculated as 3.3x10u and
577.4, respectively. Training for TLMY was completed at epoch 159, with early stopping

ensuring optimal performance without overfitting.
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Similarly, the BNN model for 305 DMY exhibited even stronger predictive capability,
achieving an R-squared value of 0.81, indicating that 81.36% of the variance in 305-DMY
was accounted for by the input features. The MAE was 253.71, with an MSE of 1.26x10u
and an RMSE 0f356.08. The training process stopped at epoch 272, demonstrating the

model’s ability to generalize well while avoiding overfitting.

The model for PY also performed exceptionally, achieving an R-squared value of 0.78
and explaining 77.82% of'the variance in the target variable. The MAE for PY was 1.90, while
the MSE and RMSE were 7.02 and 2.65, respectively. Training for PY was concluded at
epoch 59 due to early stopping, optimizing the balance between model complexity and

performance.

Overall, these results of BNN model point towards reliability and effectiveness in
predicting multiple key performance traits with high accuracy, while leveraging early stopping

to maintain a balance between underfitting and overfitting.

4.13 Comparison of ANN and BNN models for performance traitsin
Vrindavani cattle

Table 4.13 presents a comparative analysis of the performance metrics of ANN and
BNN models in predicting three traits: TLMY, 305-DMY, and PY. The ANN models were
trained using three optimization algorithms: trainlm, trainscg, and trainbr, while the BNN

represents a separate model approach using common input parameters.

The ANN models for TLMY showed R? values 0f0.71 (trainlm), 0.67 (trainscg), and
0.76 (trainbr), indicating that approximately 67—76% of the variance in TLMY was explained
by the input features. The RMAE for these models ranged from 497.00 to 626.01, with
trainbr performing the best in terms of RMAE (497.00). The BNN model had a slightly lower
R?0f0.67, explaining 67% ofthe variance, but it showed an RMAE 0f577.39, demonstrating

competitive predictive performance.

The ANN models for 305-DMY achieved R? values of 0.85 (trainlm), 0.85 (trainscg),
and 0.83 (trainbr), indicating that the ANN models explained a significant portion (83—85%)

Population dynamics and genetic modelling of performance traits in Vrindavani cattle 5
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of'the variance in 305-DMY. The RMAE ranged from 320.93 (trainbr) to 327.10 (trainscg),
with trainbr again showing the best performance. The BNN model exhibited an R? 0f0.81,
explaining 81% of the variance, and an RMAE of 357.24, which falls within a reasonable
range compared to the ANN models.

For PY, the ANN models showed R? values 0f 0.74 and 0.72 (trainlm and trainscg)
and 0.77 (trainbr), indicating that the trainbr algorithm explained the most variance in PY. The
RMAE for the ANN models ranged from 1.39 (trainbr) to 1.85 (trainscg), with trainbr achieving
the best performance. The BNN model achieved an R? 0f0.78, slightly higher than the trainbr
algorithm, and an RMAE of2.65, which was higher compared to the ANN models.

In summary, the ANN models, particularly those trained with Bayesian regularization,
generally outperformed BNN in terms of RMAE while showing comparable or slightly higher
R?values. However, the BNN model demonstrated robust predictive performance and served
as a competitive alternative to ANN, particularly in capturing complex relationships within the

data.

&S S S
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DISCUSSION

The objectives of present thesis were threefold. First, it aimed to assess the population
structure, demographic patterns, and genetic diversity of the Vrindavani cattle herd to better
understand its genetic foundation and evolutionary dynamics. Second, it sought to estimate the
(co)variance components and evaluate the efficiency of different statistical models for genetic
evaluation of growth, production, and reproduction traits, thereby providing insights into their
heritability and other genetic parameters. Finally, the study evaluated the efficiency of advanced
computational techniques, including ANN and BNN, in predicting performance genetic traits,
offering a modern, data-driven approach to optimize genetic improvement strategies for cattle

breeding.

Vrindavani is a crossbred population, developed by crossing Hariana cows with sires
of exotic inheritance (Holstein-Friesian, Jersey, and Brown Swiss) in various combinations,
with subsequent interse mating during later generations. Constant assessment of population
structure, genetic architecture, and other genealogical parameters, along with their dynamics is
essential for the planning and implementation ofan efficient breeding programme. To the best
of our knowledge, this is the first study to thoroughly assess and report the population dynamics
and genetic diversity parameters of Vrindavani cattle using pedigree records. The number of
founders with unknown pedigrees (both parents unknown) was 2620 out ofthe total 12718
animals present in the data, thus accounting for ~20.60% of the total population. The information
pertaining to the founder population is significant for the management ofinbreeding in livestock
populations (Gowane et al., 2013a). The number of founders for the Vrindavani population
was much higher than that reported for the Sahiwal nucleus herd (188) maintained under

Indian conditions by Mumtaz et al. (2021).
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Completeness of ancestral generations decreased with an increase in pedigree depth.
Pedigree records are a fundamental component ofbreeding plans as they provide a historical
and genetic framework for making informed decisions about mating pairs, selecting desirable
traits, and maintaining genetic diversity within a population. These records are essential for the
success and sustainability of breeding programmes across the various livestock species
(Farquharson et al., 2017). The accuracy of estimates and predictions made about a population
is directly dependent on the completeness ofits pedigree information. Estimates that are based
on genealogical data such as inbreeding coefficient, effective population size, generation interval,
and estimates of gene flow are directly related to pedigree completeness. A large amount of
missing pedigree information can lead to underestimation of certain parameters, like the
inbreeding coefficient, and overestimation of others, including the effective population size

(Cervantes etal., 2011).

The percentage of animals with a complete known pedigree in the immediately preceding
generation was 80.87%, revealing a near-optimal degree of pedigree completeness, which
could be used for analysis of the population structure and genetic architecture of this population.
The pedigree completeness level was 52.56, 32.87, and 15.97% in the second, third, and
fourth generations ofthe whole pedigree. The pedigree of recent generations was more detailed
as compared to older generations. A similar trend has been reported earlier in other cattle
populations of indicine and taurine inheritance (Santana et al., 2014; Muasya et al., 2011;
Mumtaz et al., 2021). Furthermore, the completeness of pedigree information was lower for
male animals as compared to their female counterparts. This was as expected, with a lesser
number of males being used in farm animals, including ruminants. The information pertaining to
the maternal line of inheritance was increasingly complete for the latest generations. Similar to
the present study, several investigations have reported decreasing completeness of pedigree
information in livestock populations with increasing depth (Cervantes et al., 2011). Pedigree
recording has gained increased significance over the last few decades. With increased stress

on planned breeding and efficient animal improvement programmes.

The number of founders in the whole population was 2620, while the effective number

of founders was 118, representing around 4.48% of the founders. Similarly, the total number
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of founders in the reference population was 235, other hand the effective number of founders
was 16, representing 6.80% of the founder animals in the cohort. The number of ancestors
describing 50, 75, and 100 percent ofthe gene pool in the whole population was 58, 149, and
2194, respectively. The effective number of founders was lower than the total number of
animals in the population. This is attributable to the lesser number of sires within the herd and
the effects ofthe selection process within the crossbred population. A lower number of effective
founders has beenreported to result in reduced genetic variation within the population, lowered
estimates of effective population size (N ), increased homozygosity and other similar effects

through genetic drift.

The study revealed a relatively smaller number of founders (36) explaining 50% of'the
genetic variation within the Vrindavani population. On the other hand, the effective number of
ancestors (f) in the reference population was 15. The extent of the genetic bottleneck was
assessed based on f_and f_estimates and expressed as aratio of f_to f_(f /f.). Ideally, this ratio
should be equal to one (Pedrosa et al., 2010). The ratio in the Vrindavani population was
equal to 1.19, thus revealing evidence of a fewer bottlenecks in the genetic history of the
crossbred population (Sakthivel et al., 2019). In other words, the balance between ancestors
and founders was optimal in the Vrindavani population. The decline in genetic variability due to
genetic drift, predicted by 1/2 £, was 0.47 %. These losses in population were inevitable for

genetic improvement because selected sires were utilized in mating.

The founder genome equivalents (fg) are directly linked to genetic variability loss caused
by genetic drift in subsequent generations, whereas the non-founder genome equivalents (fng)
help in assessing the amount of genetic drift that may have occurred across the population
since its inception. The estimated fg and fng values in the reference population were 9.44 and
0.17, respectively. The lower fg estimate indicates that a small portion of founders’ genes were
present in the population. Loss in genetic variability is more due to the accumulation of genetic
drift in the non-founder generation when the value of f_is greater than fng (Baneh and
Ahmadpanah 2020). In studies conducted in Brazil, a reduction in genetic diversity over the
years has been detected in several breeds, such as polled Nellore, Indubrasil, Gir, and Guzera,

by pedigree analysis using estimates based on the theory of the probability of gene origin
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(Vozzi et al., 2006; Faria et al., 2009; Brito et al., 2013). A similar response regarding
genetic drift, i.e., genetic bottleneck, but at a lower intensity, has also been reported by Faria

etal. (2009) and Santana et al. (2016) for a Brahman population in Brazil.

The mean GI of the whole Vrindavani population was 6.90 years. In concordance
with our results, Muasya et al. (2011) reported an average generation interval of 6.9 years in
Sahiwal cattle maintained in Kenya. Higher estimates of average generation interval have been
reported for other indicine breeds, including Brazilian Gir, Guzerat, and Nelore cattle (Faria &
al., 2009); dairy Guzerat cattle (Peixoto et al., 2010); dairy Gir cattle (Reis Filho et al.,
2010); and Sahiwal cattle (Mumtaz et al., 2021), with estimates ranging between 7.48 and
8.25 years. Similarly, Santana et al. (2014) reported a mean generation interval of'9 years in
Gir cattle maintained over a 73-year period between 1938 and 2010. However, a lower
estimate of the average generation interval (6.3 years) has been reported in Sahiwal cattle of
by Kamiti et al. (2016). The GI estimate was the highest for sire to daughter (8.49 years),
while it was the lowest for dam to daughter (5.29 years) path. Lower average estimates of
generation interval for different paths in Vrindavani cattle are attributable to the implementation

of artificial insemination program for propagation of generations, using the semen of elite bulls.

Various earlier studies have reported increased GI estimates for sire-related pathways
(sire to daughter and sire to sire) in different cattle populations (Mc Parland et al., 2007;
Fabbrietal.,2019; Mumtaz et al., 2021). This was partly attributable to the use ofa smaller
number ofsires for breeding purposes and the increased duration of time taken for their selection
in progeny testing programs. On the other hand, a smaller generation interval involving females
was attributable to the availability ofa larger number of females for selection, their selection at
early stages (young age), and their early replacement, once they turn old (Mumtaz et al.,

2021).

Gl is an important parameter that is significant for the sustainable success of any selection
programme, as it is directly related to the annual genetic gain that is realized in the population.
GI represents the time that is required for transmission of genes from parental to offspring
generation; the larger the GI, the lower the genetic gain per unit time, which may result in

genetic lag within the population (Mueller and Van Eenennaam, 2022). However, the relation
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between GI and genetic gain is not straightforward; GI is related to an increase in annual
inbreeding rates with an indirect effect on effective population size, population structure, and
genetic diversity maintained within the population (Santana et al., 2016). Lower Gl in recent
years has enhanced the annual genetic gain for the targeted traits, which increases the economic
return of the breeding programme because GI measures the time required for genes to be
passed from parents to their offspring. The estimates of GI vary from herd to herd within a
breed, which might be due to variation in agro-climatic conditions, the genetic structure ofthe

population, and management practices, besides other factors.

The mean inbreeding coefficient in the whole population dataset was 1.1%, with an
average increase of 3.44% over generations. The total inbred population was 25.23%, with
48.57% males and the rest females. Males had a slightly higher inbreeding coefficient (1.19%)
than females (1.05%). This shows an intense selection of males over females. The herd was
under constant selection pressure, and accordingly, males were stringently selected based on
the dams’ yield. Due to the closed flock structure with no inheritance from outside gene pool,
the average inbreeding coefficient and percentage of inbred animals increased with increasing

generation number.

The mean average relatedness (AR) for the Vrindavani population was 1.16%, with
an estimate of 5.49%. The inbreeding parameters should consider flock and pedigree depth.
AR was greater than the mean inbreeding coefficient, with increases 0f0.43, 0.89, and 1.09
percent. The mean inbreeding coefficient, percentage of inbred animals, and average relatedness
among animals increased across the completed generations. A higher average relatedness
combined with a lower inbreeding coefficient indicates a high degree ofrelatedness among all
individuals in the pedigree dataset. This could lead to difficulties while trying to avoid matings
between unrelated or distantly related individuals. About 5.52 % of total matings were highly
inbred. Among these, 1.15% (n=146) were half-sib and 2.14% (n=272) were parent-offspring
mating. The mean inbreeding coeficient increased irregularly from the second generation (0.29)
onwards during subsequent generations. The estimate was the highest in the 13" generation
(6.36%). The increased coefficient of inbreeding with a higher number of generations indicates

the effects of closed herd mating with minimal to no introduction of foreign inheritance. The

Population dynamics and genetic modelling of performance traits in Vrindavani cattle é



Discussion....

results also revealed a regular, increasing trend in the coefficient of AR among individuals as
the generation number increased. Assessment of AR gains significance to limit the higher frequency
of crosses between highly related animals and conserve the genetic variability in a population
(Gowane et al., 2013b). AR estimates can also be used to select male animals for breeding
and estimate long-term inbreeding in the population under consideration. Chhotaray et al.
(2021) analyzed ROH segments in crossbred Vrindavani cattle using genomic data, and observed
a 3% inbreeding coeficient in the >20 Mb region, indicating significant inbreeding within ROH
segments. They also found that the highest genomic coverage was on chromosome 25, with
50.86%, while chromosome 1 had the least coverage, at 12.42%. The mean inbreeding value
were in similar with the findings reported by Rege and Wakhungu (1992) in Sahiwal cattle of
Kenya. However, previous studies conducted by Muasya et al. (2011) and Kamiti et al.

(2016) have reported lower values as compared to the current study.

The average Ne estimates from maximum, equivalent, and complete generations were
115.56, 56.42, and 46.02, respectively. The effective population size based on regression and
log regression on birth date was 77.40 and 71.24, respectively. The effective population size
of'the founders was 174.92. Similar to our results, Chhotaray etal. (2021) and Singh et al.
(2021) have reported Ne estimates 0f 40 and 46, respectively in Vrindavani crossbred cattle
genome wide SNP. The effective population size was within the recommended critical value of
Food and Agriculture Organization (FAO 1998). Normally, the value should lie between 50
and 100 and should not be below 50 to sustain the genetic diversity for selection programmes
and conservation (FAO 1998; Bijma, 2000). Maintenance of genetic variability should be
given proper emphasis in the population preferably via national breeding policy. The reported
estimates of effective population size were not constant and did change with time according to
the level of inbreeding in the flock. It is because the value of effective population size illustrates
the number of breeding animals required to obtain the average change in inbreeding rate and
does not evaluate the total reduction in allelic diversity or changes in breeding structure from
year to year. Gutiérrez et al. (2003) reported positive relationship between the depth and

quality ofa pedigree with both effective population size and levels of inbreeding.
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Individuals would typically get equal contributions from all the founding descendants
of'a population, leading to better values for animal conservation. An animal’s conservation
value increases with its GCI score. The mean values of GCI for all individuals in the population
improved continuously over time and reached a maximum value of 15.03, which was estimated
for one individual. The proportion of animals with a GCI greater than 10 was 3.22%. If genetic
diversity is to be preserved, superior animals that are used for breeding must get an equal
genetic contribution from founders in a population. Accordingly, the greater GCI value leads to
greater founder’s genetic contribution to an individual (Gutiérrez and Goyache 2005). The
genetic contribution of each individual from the founder generation grew as the number of the
maximum generation increased, which was in concordance with earlier reports (Gutiérrez and

Goyache. 2005).

The estimated value of GD in the reference population relative to the base population
or Neiexpected heterozygosity was 0.947, indicating that 5.3 % of the genetic diversity in the
base population was lost during the study period. However, the genetic diversity estimated for
the base population (GD") was 0.969. In the founder generation, losses in heterozygosity due
to genetic drift and bottleneck effects (1-GD) and uneven contributions of founder alleles (1-
GD*) were calculated as 0.053 and 0.031, respectively. The present findings were similar to
the earlier reports of Baneh et al. (2020) in Adani goats and Mandal et al. (2000) in
Muzaffarnagri sheep, who also observed the loss 0f 3 % and 3.2 % genetic diversity in the

base population. However, the loss was dependent on multiple factors.

The values of Ne, fe, and f_are always greater than the fg. The effective number of
founder genome equivalents (fg) compensates for asymmetrical founder contributions as well
as the fraction of founder genomes lost to genetic drift during bottlenecks. Unequal contributions
of'the founder genes were confirmed because the current reference population showed low fg
estimates. Furthermore, the discrepancy between fg and f_also revealed that alleles from
founder animals were lost at random, and the reference population had a small percentage of
founder genes. According to the fg/ f ratio, the reference population still retained 62.93 % of
its ancestral genetic diversity. The realized Ne was higher than the calculated values off , f.

and fg indicating that the population was increasing in effective size.
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The variation in different estimates pertaining to population dynamics, structure, and
genetic diversity in Vrindavani cattle when compared to other populations was attributable to
differences in genealogical parameters like the completeness of the pedigree, breeding and
management decisions taken over time, and the pattern of use of breeding animals (males and

females).

The current study revealed significant variation, with coefficients of variation ranging
from 4.17% to 33.35 % for the traits examined. These values suggested a wide variation
among the animals in the current herd. Zambrano and Echeverri (2014) conducted a similar
study on a Holstein-Friesian and Jersey dairy herds, revealing a coefficient of variation of 18 to

35% for the growth, production and reproduction traits.

Co (variance) components and heritability estimates using eight animal models for
BWO0, BW3,BW6, BW12, BW18 and BW24 were elucidated. Based on the log-likelihood
ratio tests (Meyer, 1991), model V and VI were emerged as best fit. The selected models
were used to estimate the heritability and additive genetic variance in all growth traits. The
direct heritability of BWO obtained in this study was 0.13 to 0.21 across different models. The
results align with other findings in different population (Tesfa et al., 2014). However, the value
was lower than that reported by Schoeman and Jordaan (1999) for multi-breed cattle in South
Africa, and larger than the value previously reported (Zeleke et al.,2016) and Horro cattle by
Demeke et al. (2003). Similar heritability value for BW3, as that of present study has been
reported for Holstein Friesian crosses (0.24 + 0.07) by Zeleke et al. (2016). Our
estimated h* value for BW12 was lower than that reported by Laureano et al. (2011). We
observed similar results in BW18 and BW24; which was lower to those of Albuquerque and
Meyer (2001) and Laureano et al. (2011) (0.26 and 0.24, respectively). The heritability
estimates for growth traits revealed that the phenotypic value for these characters might be
useful for genetic gains. Increased in weight gain in these periods can be achieved by using

these traits as selection criteria.

The additive genetic variance was the highest in the model, that included covariance structure
ofadditive and maternal genetic effects for all the production traits, due to its ability to capture

more genetic influences from both individuals and dam, resulting in better fit of underlying data.
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This finding aligned with the results reported by ABO Elfadl and Radwan (2016) in the first and
third lactations of Holstein cows. El-Awady et al. (2011) published a conflicting opinion, using
single trait analysis to estimate variance and ignoring maternal genetic effects, leading to the
largest estimates for direct additive variance. Edriss et al. (2006) conducted a study using six
animal models to assess the impact of direct and maternal genetic factors on milk yield traits in
Iranian Holstein cows. They obtained the highest additive genetic variances for milk and fat
yield traits from the animal model with cov (a,m). The additive genetic variance in this study
were higher than those reported by several authors, including Schutz et al. (1992) in the USA,
Olori et al. (2002) in Ireland, Khattab et al. (2005) on Friesian cows in Egypt, Edriss et al.
(2006) on Holstein Friesian cows in Iran, and Mostafa et al. (2013) on Egyptian native cows.
Radwan et al. (2017) found higher additive and maternal variances in models that included
maternal effects for lactation length, total lactation milk yield, and 305 days milk yield equivalent
traits, which were similar to the current study. High additive genetic variance indicated that a
significant portion of observed phenotypic variation was attributed to genetic factors, rather
than environmental factors. This suggested that selective breeding has substantial potential to

improve traits in animal populations.

We used eight univariate repeated animal models in this study with heritability estimates
ranging from 0.131+ 0.023 to 0.247+0.029 for TLMY, 0.145+0.019 to 0.195+0.025 for
305DMY, 0.085+0.009 to 0.11+0.009 for LL, and 0.111+0.008 to 0.230+0.018 for PY.
These findings were similar to Singh and Barwal (2012) and Sharma et al. (2024) in Murrah
buffaloes. Sahin et al. (2014) reported direct heritability values of 0.10 for lactation lengh and
total lactation milk yield for production variables in Brown Swiss cattle. These results were
similar to our findings. In contrast to the findings of'this study, Rehman et al. (2008) reported
a lower heritability estimate 0f0.11 for TLMY in Sahiwal cows. The results were more or less
similar to the findings of Eid et al. (2012), who reported a heritability estimate of 0.04 for
Holstein Friesian cows for LL. The results also align with Rehman et al. (2008) heritability
estimate 0f 0.09 + 0.03 for the LL trait in Sahiwal cows in Pakistan. Deb et al. (2008) found
higher direct heritability for TLMY (0.404) and LL (0.333) than the current study. The results

from each model were in alignment with 0.11 from dairy cattle raised in Egypt Holstein Friesian
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(Dematawewa et al.,1998). On the other hand, various studies from different production

environments reported higher estimates (Kadarmideen et al.,2000; Ojango et al.,2001).

This study found that maternal effects, except for lactation length (LL), had very low
effect on productiontraits. This could be due to genetic or environmental factors overshadowing
the influence of maternal effects. Despite the relatively small maternal heritabilities in this study,
the inclusion of direct-maternal genetic covariance (from models V to VI) led to an increase in
heritabilities for all production records. Elfadl and Radwan (2016) conducted a study that
compared three multi-trait animal models and found that the inclusion of maternal additive
genetic effects increased maternal heritability and additive maternal variance in first and third
lactation in dairy cows. The study also revealed that the inclusion ofthe maternal component
inflated heritability for certain traits. This result is in disagreement with the findings of Zulkadirs
etal. (2009) and A.S etal. (2015). However, the model V estimates showed that the direct-
maternal genetic covariances and correlations were consistently negative, indicating a strong
inverse relationship between additive and maternal effects. These findings suggested that this
relationship may influence the observed improvement in maternal heritabilities frommodel V to
model VI. Various studies have documented a negative correlation between additive and
maternal additive genetic effects: -0.45 by Lee et al. (2003) and Khattab et al. (2005), and -
0.58 by Mostafa et al. (2013). Conversely, research by Edriss et al. (2006) found positive

correlations and covariances between these effects.

The present study suggested that continuous selection of high-producing Vrindavani
animals would lead to higher milk yield and longer lactation length in future generations. The
sire random effect in models VII and VIII greatly reduced the heritability estimaties. Hammoud
and Salem (2013) reported conflicting results on lactation traits in Egyptian Holstein cows.
They calculated heritability estimates for total milk yield, 305-day milk yield, and lactation

length using the sire-dam mixed model, which were lower than the current study.

Heritability estimates for AFC were range from 0.22340.029 to 0.289+0.031 for
different models in Vrindavani cattle. The high heritability estimates for AFC in this study can
be attributed to the limiting selection pressure applied to this trait, in contrast to the strong
selection pressure for milk production. Additionally, the presence of genetic variability in the

herd can be attributed to the use of different sires from various sources during the study
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period. The current findings were similar with the estimates reported by Ayalew et al. (2017)
for AFC traits in Holstein Friesian cattle. The present estimate for AFC was higher than the
findings of Das et al. (2013), who reported values of 0.26 and 0.23 for two and three breed
crosses, and Belay (2014), who reported 0.149 for Fogera x Holstein Friesian (HF) crosses.
Additionally, lower heritability estimates for this trait were reported by Gutierrez et al. (2002)
and Oyama et al. (2002), with values 0 0.235 and 0.215, respectively. Conversely, higher
heritability values were reported in Ethiopia: 0.44 by Demeke et al. (2004), 0.7 by Haile et al.
(2009), and 0.4 by Effaetal. (2011). The moderate heritability value of AFC found in this
study suggests potential for improvement through direct selection or other correlated traits

(indirect selection).

Heritability estimates for ICP in Vrindavani cattle were very low, ranging from
0.0001+0.00 to 0.023+0.009 for different models. These estimates for ICP remained consistent
with the literature values for the traits. The present findings were similar with these reported by
Solemani-Baghshah et al. (2014) and Faraji-Arough et al. (2011) who found heritability
estimates 0f0.019 +0.007 for Isfahan cows and 0.19 + 0.005 for Iranian Holstein Friesian
cows. Rehman et al. (2008) also reported similar estimates (0.02 +0.019) for Sahiwal cows
in Pakistan. The current estimates are lower than that reported for ICP trait for Iraqi Friesian
cows respectably (Hermiz et al.,2005). However, it is higher than the estimates reported in
other tropical countries (Ojango et al.,2001; Zambrano et al.,2014). Gaikwad and
Narayankhedkar (2000) also reported higher estimates (0.39 & 0.28) for crossbreed cows
(Gir x Holstein Friesian and Gir x Jersey) in India. This relatively lower heritability estimates
for ICP could be explained by large environmental variance. ICP is crucial for reproductive
efficiency. Longer ICP can also result from poor management and extended dry days. Efficient
herd management can shorten the calving interval by reducing dry days. Therefore, improvements
in nutrition and reproductive management should lead to a considerable decrease in length of

ICP than making purely genetic selection alone.

Heritability of dry period was low in Vrindavani cattle and ranged from 0.007+0.001
to 0.031+0.008 across different models. Heritability estimates of 0.03 for Jersey cows reported
by Suhail et al. (2010) is similar to present study results. Rehman et al. (2008) studied Sahiwal
cows and reported low estimate of heritability (0.05 + 0.02) for dry period, which was slightly
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higher than the present findings. Proper nutrition and breeding can help shorten the post-

partum service length, ultimately reducing dry period.

The heritability estimate for the GP was low and ranged between 0.014+0.001 and
0.028+0.002 across various models in Vrindavani cattle. Ulhoa et al. (2016) reported a
heritability estimate averaging 0.10 for GL in Nellore cows, which was similar with the present
findings. In contrast, Lopez et al. (2019) found higher heritability estimates of0.13 for Korean
Cattle. The heritability estimates for the SP ranged between 0.001 and 0.027 across various
models. Foxworthy et al. (2019) found a similar heritability estimate of 0.06 + 0.02 for SP
trait in Angus cattle. Estimates from other studies, such as Bormann et al. (2006), Ghiasi etal.
(2011), Peters et al. (2013), and Rahbar et al. (2016), varied widely based on factors like
breed, age, and sample size of the cattle evaluated. For instance, Peters et al. (2013) reported
a higher heritability 0f0.18 compared to the current study for SP in Brangus heifers, whereas
Rahbar et al. (2016) reported lower heritability for first service success and other fertility traits

in Holstein dairy cows.

The effect of inbreeding on various models and traits of crossbred Vrindavani cattle
showed notable differences when Fx was included or excluded. For TLMY, models including
Fx (models L, I11, V, VII) generally showed lower additive genetic variance compared to their
counterparts without Fx (models I, IV, VI, VIII), indicating that inbreeding reduced genetic
variance. Similar trends were observed in the 305-DMY and LL traits, where models accounting
for Fx also showed slightly reduced genetic variances and slightly lower heritability estimates.
Overall, inbreeding effects led to reduction in genetic variance and heritability estimates across
most traits, highlighting the detrimental impact of inbreeding on the genetic potential and
performance of crossbred cattle. Specifically, the percentage decrease in additive genetic
variance due to inbreeding in different animal models ranges from 1.32% to 5.25% for TLMY,
0.23% to 0.61% for 305-DMY, and 0.29% to 1.30% for LL.

Inbreeding significantly impacted additive genetic variance and heritability estimates
across most of growth production and reproductive traits in Vrindavani cattle. For growth

traits models including Fx showed a decrease in genetic variance (ranging from 3.75% to
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12.3%). The models including Fx show a decrease in genetic variance (ranging from 0.23% to
5.25%) for traits TLMY, 305-DMY, LL, and PY. Similarly, reproductive traits such as AFC,
ICP, DD, GP, and SP exhibit a reduction in genetic variance due to inbreeding, with decreases
ranging from 1.32% to 28%. These results are supported by Makanjuola et al. (2020), who
reported that pedigree inbreeding effects to decrease the phenotypic means of TLMY and PY
by 0.49%, and 0.47%, respectively. Similarly, Dockes et al. (2019) reported decreases of
0.47%, and 0.45% in these traits (TLMY and PY), respectively. Similarly, Faria et al. (2009)
reported inbreeding levels ranging from 1.75% to 2.28% in Brazilian Zebu cattle, and Brito &t
al. (2013) found an inbreeding level of 1.73% in the Nellore breed. Continuous increase in
inbreeding is linked to the rise of deleterious homozygous recessive alleles. This rise in inbreeding
level has been reported to negatively impacts additive genetic variance and leads to a reduction
in overall production and reproductive traits in various dairy breeds (Martikainen et al.,2018).
This emphasizes the need to manage inbreeding levels to preserve genetic variance and improve

performance in dairy and crossbred cattle.

ANN are machine learning models that model non-nlinear systems using information
learned through experience and can handle noisy data. They are considered an alternative to
conventional predictive models due to their ability to capture non-linear relationships between
predictors and responses. The performance of ANN is determined by network architecture,
including hidden layers and neurons, training type, linear or non-linear transformation process,
and input data type. To improve ANN performance, factors such as network dimensionality
must be considered, as network overfitting or underfitting can lead to reduced performance
predictions (Gianola et al.,2011; Ehret et al.,2015). The study found that a single hidden layer
model with 10 to 20 neurons was the best non-linear model for performance traits in cattle,

with high R? value (0.74 to 0.85).

Study performed by Gorgiilii et al. (2012) deduced that ANN could be used as a
substitute to the multiple regression model to forecast milk production corrected at 305 days
lactation period in Brown Swiss dairy cattle and cumulative milk yield in crossbred cattle.

Similarly, many have authors compared ANN algorithm to classical statistical methods such as

fuzzy logic (Atil and Akilli,2014), K-means for clustering milk-producing cattle (Atil and Akilli,
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2016), and multiple linear regressions for the anticipation of body weight in hair-bearing goats
(Akkol etal.,2017). They found that ANN approach has a better performance in prediction,
especially when the association between variables is complicated. In addition, Behzadi and
Aslaminej (2010) reported that ANN had been used for both classification and prediction
data in several knowledge fields. Chaturvedi et al. (2013 ) stated that ANN is a strong predictor
of future milk production, relying on early expressed merits. Another study conducted by Ali et
al. (2015) to compare neural networks to traditional statistical approaches, reported that the
ANN made the best of testing the most complicated associations between input and output

variables.

BNN models offer a probabilistic approach to modeling, providing both predictions
and uncertainty estimates, which are particularly useful in scenarios with limited or noisy data.
Unlike traditional ANN models, BNN algorithm incorporate prior information into the learning
process, enhancing their ability to generalize, especially for traits with sparse or imbalanced
datasets. In this study, BNN models showed competitive performance compared to ANN
(76%, 85%, and 77%) with R? values 0f 67%, 81%, and 78% for TLMY, 305-DMY, and
peak yield, respectively, suggesting their robustness in certain scenarios. Previous studies,
such as Gonzalez-Camacho et al. (2018) and Perez-Rodriguez et al. (2020), have
demonstrated the advantages of BNN models in genomic selection and complex traits with
limited data, where uncertainty quantification was critical. BNN models were particularly superior
for peak yield prediction in this study, indicating their strength in handling traits with lesser
variability and complexity. However, for traits like 305-DMY, where the data is less noisy and
more linear, ANN performed better, achieving an R? of 85% compared to 81% for BNN.
This aligns with findings by Montesinos-Lopez et al. (2021), who highlighted that ANN models
often outperform BNN algorithm for traits with strong and consistent non-linear patterns,
while BNN excel in uncertain or less deterministic traits due to their probabilistic framework.
Together, these findings emphasize the complementary strengths of ANN and BNN, with
BNN being advantageous in handling uncertainty and sparse data while ANN excelling in

accurately predicting performance traits with well-defined relationships.
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Discussion....

This study provides a detailed investigation ofthe performance traits and estimation of
genetic and performance parameters of Vrindavani cattle, beginning with an assessment of
population dynamics, genetic diversity, and demographic patterns. Pedigree analysis revealed
that while the population maintained a moderate level of genetic diversity, effective management
of'inbreeding and founder contributions is essential for sustainable breeding programs. The
genetic evaluation of growth, production, and reproduction traits highlighted significant variation
within the herd, with heritability estimates indicating potential for genetic improvement through
selection. Advanced machine learning tools, including ANN and BNN, were employed to
predict key performance traits. ANN models demonstrated superior performance in predicting
traits with well-defined nonlinear patterns, achieving high R? values, while BNN model excelled
in handling uncertainty and variability in traits with noisy or sparse data. These models
complement traditional genetic evaluation methods by offering more precise predictions and
insights. The findings underscore the importance of integrating computational techniques into
breeding programs to optimize genetic improvement strategies. By balancing selection for
higher productivity with measures to preserve genetic diversity, this study provides a framework

for enhancing the genetic potential and long-term sustainability of Vrindavani cattle populations.
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E SUMMARY AND CONCLUSIONS

The present research attempted a comprehensive analysis of the genetic evaluation,
population structure, and performance modelling oftraits in Vrindavani cattle using advanced
statistical and computational tools. Vrindavani cattle, a synthetic breed developed in India by
crossbreeding indigenous Hariana cattle with Holstein-Friesian, Jersey, and Brown Swiss, has
shown the capacity to produce over 3,000 kg of milk per lactation. The study utilized extensive
pedigree and performance data spanning 53 years (1970-2023) from a population of 12,718
Vrindavani cattle to examine the population dynamics using ENDOG software. The analysis
revealed a high level of genetic diversity, with key parameters like the pedigree completeness
index and effective population size playing crucial roles in understanding the genetic value of
the population. The study also revealed that the effective population size was nearing critical

thresholds, which indicated a need for targeted breeding strategies to minimize genetic drift.

The Vrindavani population had a pedigree completeness of 80.87% in the preceding
generation, but declined in older generations. The population had 2,620 founders, with an
effective number of 118, representing around 4.48% of'the founders. The ratio ofthe effective
number of founders to effective number ofancestors was 1.19, indicating few bottlenecks in
the genetic history. The mean generation interval for the Vrindavani population was 6.90 years,
with the sire to daughter path having the longest interval (8.49 years) and the dam to daughter
path the shortest (5.29 years). The mean inbreeding coefficient for the entire population was
1.1%, showing a 3.44% increase over generations. The mean average relatedness was 1.16%
for the whole population and 3.49% for the reference cohort. 5.52% oftotal matings were

highly inbred, including half-sib and parent-offspring types. The genetic conservation index



Summary and Conclusions....

(GCI) improved over time, reaching a maximum value of 15.03. The genetic diversity (GD) in
the reference population was 0.947, reflecting a 5.3% loss of genetic diversity compared to

the base population.

The research also explores the (co)variance components and genetic parameters for
growth, production, and reproduction traits using different animal models and statistical methods.
The results emphasize the complex interaction between additive genetic effects, maternal
influences, and environmental factors in determining the phenotypic variance in crossbred cattle.
For growth traits, heritability estimates varied, with models incorporating inbreeding showing
lower additive genetic variance leading to genetic erosion. The heritability for production traits
ranged from 0.131 to 0.247 for TLMY, with maternal effects having a limited impact on
production traits, except for lactation length. The study revealed that models including sire
effects heritability estimates, and the permanent environmental effects significantly impacted
the total variance, especially for lactation length and peak yield. Heritability estimates for
reproduction traits were generally low, suggesting minimal contributions of additive genetic

effects and prolong impact of environment.

Furthermore, the study evaluated the effectiveness ofadvanced computing techniques,
specifically ANN and BNN, for predicting performance traits. ANN models were trained
using the Levenberg-Marquardt algorithm and achieved high prediction accuracy for TLMY,
305-DMY, and PY, demonstrating their ability to capture non-linear relationships within the
data. BNN models, which incorporated Bayesian inference to quantify uncertainty in predictions,
also showed competitive performance. The study revealed that BNNs were advantageous in
handling uncertainty and sparse data, while ANNs excel in accurately predicting performance
traits with well-defined relationships. A comparison of the models showed that, for example,
BNNs achieved an R-squared value 0o 0.81 for 305-DMY, while for the same trait, ANN had
an R-squared of 0.85.

In conclusion, this study demonstrated the potential of combining traditional and
advanced methodologies to address the challenges of dairy cattle breeding in India. The research

emphasized the importance of detailed pedigree and performance data, along with cutting-
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Summary and Conclusions....

edge computational tools, to enhance the productivity, profitability, and genetic health of dairy
cattle populations. By implementing targeted breeding strategies, managing inbreeding, and
utilizing advanced machine learning models, the study contributed to the broader goal of improving

dairy cattle breeding programs in India and beyond.
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MINI ABSTRACT

The present research evaluated the genetic structure, population dynamics, and

performance optimization of Vrindavani cattle, a synthetic breed developed in India by
crossbreeding indigenous Hariana cattle with Holstein-Friesian, Jersey, and Brown Swiss breeds.
Using a 53-year dataset of pedigree and performance records from 12,718 individuals, the
research integrated traditional statistical methods and advanced computational tools, including
ANN and BNN, to assess key aspects of dairy cattle breeding. Population analysis revealed
high genetic diversity, with a near-optimal pedigree completeness index of 80.87% in the most
recent generation. Key findings included an effective number of 118 founders out 02,620, a
mean generation interval of 6.90 years, and an inbreeding coefficient of 1.1% for the whole
population, which increased by 3.44% in the reference population. Effective population size
ranged from46.02 to 115.56, indicating the need for targeted breeding strategies. Genetic
diversity in the reference population was 0.947, with a 5.3% loss compared to the base
population. A higher genetic conservation index of 15.03 highlighted the presence of animals
with high conservation value. Genetic parameters for growth, production, and reproduction
traits were also analyzed. Inbreeding reduced genetic variance for growth traits, while heritability
estimates for production traits like TLMY ranged from 0.131 to 0.247. Sire effects reduced
heritability, and permanent environmental effects significantly impacted variance in lactation
length and peak yield. Reproduction traits showed low heritability estimates, suggesting minimal
additive genetic influence. The effectiveness of ANN and BNN models in predicting performance
traits was also evaluated. ANN models achieved a R-squared value of 0.85 for 305DMY,
while BNN models, incorporating Bayesian inference, achieved an R-squared value 0f0.81.
BNN models showed better performance in handling uncertainty, while ANN performed well
for traits with well-defined relationships. In conclusion, this study emphasized the importance
of combining traditional genetic evaluation methods with machine learning tools like ANN and
BNN to optimize dairy cattle breeding programs. It provided valuable insights into genetic
health, inbreeding management, and performance prediction, offering implications for enhancing
productivity, profitability, and genetic sustainability in dairy cattle populations.
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