
 

 

ABSTRACT 

 
GRAY, KENT ANDREW. Genetics of Milk Flow Traits  in Dairy Cattle. (Under the direction of 

Joseph P. Cassady and Christian Maltecca). 

 

The overall objective of this study was to evaluate milk release parameters in dairy cattle. 

This was accomplished by 1) estimating variance components for all milk flow traits of interest 

including production traits that are related to milk release; 2) identifying genomic regions 

harboring QTL associated with milk flow traits; and 3) evaluating the opportunity for 

implementation of genomic selection within Italian Brown Swiss for milk flow traits. Data were 

available from 37,213 Italian Brown Swiss cows over a span of 12 years (1997 – 2008) from 

1661 herds. Milking flows were recorded for each individual once during lactation. Sires (n = 

1351) of cows with milk flow information were genotyped for 33,074 markers distributed across 

29 bos taurus autosomes (BTA). Heritabilities for milkability traits ranged from 0.02 to 0.42 

with genetic correlations between production traits and flow traits ranging from low to moderate 

values. Positive genetic correlations were found among production, somatic cell score (SCS) and 

milkability traits. A Bayesian LASSO analysis was employed for each of the milk traits resulting 

in 6,929 to 14,585 significant single nucleotide polymorphisms (SNPs) marker effects identified 

for each trait across all 29 bos Taurus autosomes. Unique significant marker effects were found 

for each of the six traits providing evidence that each individual milk flow trait offers distinct 

genetic information about milk flow. Furthermore a number of quantitative trait loci associated 

with milk yield, somatic cell count, somatic cell score, milking speed and udder morphometrics 

were co-located with markers identified. Genotyped sires were partitioned based on their 

estimated breeding values (EBV) reliabilities into a training set (EBV reliability > 0.60) and a 

validation set (EBV reliability < 0.60). Pseudo-phenotypes for these sires were obtained by EBV 

de-regression and subsequently employed in obtaining genomic breeding values through 



 

 

GBLUP, Student-t, and Bayesian LASSO models. Genomic breeding values were also obtained 

using single-step methods combining genomic and pedigree based information using dense 

(HBLUP) and reduced (HrBLUP) SNP panels. Reliabilities estimated from breeding values 

incorporating genomic information from bulls in the validation set were compared with parental 

averages (PA) and breeding values obtained using traditional BLUP methods (PBLUP). 

Breeding values obtained using GBLUP resulted in reliabilities within the prediction set of 0.34 

(0.29 PA), 0.32 (0.26 PA), 0.23 (0.30 PA), 0.35 (0.26 PA), 0.43 (0.30 PA), and 0.45 (0.29 PA) 

for TMT, AT, TP, DT, AVGF and MMF, respectively. Student-t and Bayesian LASSO models 

obtained similar reliabilities that were slightly better than GBLUP; 0.45, 0.32, 0.24, 0.47, 0.47, 

and 0.46 for TMT, AT, TP, DT, AVGF and MMF, respectively. The largest increase in 

reliability was accomplished by combining genomic and pedigree information in a single step 

(HBLUP and HrBLUP). Average gain in reliability from HBLUP from PA was 0.20, 0.24, 0.20, 

0.17, 0.20 and 0.21 while gains from HrBLUP were slightly more than HBLUP. For all milk 

flow traits, use of a genomic model resulted in increased accuracy of prediction for sires with 

little or no progeny information. Inclusion of genomic information increased accuracy of 

prediction for milk flow measures providing evidence that implementation of genomic selection 

would likely increase response to selection. 
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Literature Review 
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INTRODUCTION 

 

Traits that influence the efficiency of dairy cattle production can be characterized as 

production or functional traits. Functional traits increase efficiency by reducing input costs. 

Examples of functional, cost-saving, traits include milkability, health, fertility, feed 

efficiency and calving ease (Groen et al., 1997). 

Dairy cattle producers and breeders have primarily been concerned with milk yield 

and milk solids, but other traits are gaining increased attention due to their economic 

importance and are being considered in modern day selection schemes (Boettcher et al., 

1998). Continuing selection programs that are primarily single trait selection for milk yield 

will not be as economically rewarding as programs that simultaneously include yield and 

functional traits (Boettcher et al., 1998). 

Milkability or ease of milking has long been recognized as an economically important 

trait that can be improved through selection (Bruckmaier et al., 1995, Miller et al., 1976). By 

improving milkability, management costs of milking decrease through reduced labor and 

improved efficiency of the automatic milking system (Groen et al., 1997). Meyer and 

Burnside (1987) identified milkability as one of the three most important factors affecting 

farmer’s net profit. Over the past four decades there has been an abundance of information 

available on the understanding the basic physiology of milk release and the milking curve. 

This information is advantageous for developing methods of data collection and selection 

programs that can be introduced in improving the dairy herd.  
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Description of the Milk flow curve 

 The bovine udder is organized into four functionally separate glands. Within each 

gland there is secretory tissue and cisternal cavities which are drained by a single separate 

teat. Immediately after milking, milk will begin to accumulate in mammary ducts and 

cisterns of the udder. A large portion of the milk accumulates within the alveoli between 

milkings as well (Bruckmaier and Blum, 1998). Milk accumulation will accelerate when the 

frequency of milking increases. 

Milk is stored in the udder in two different compartments within the mammary gland, 

the cistern and alveolar tissue. Only milk stored in the cistern is immediately available while 

milk stored in the alveolar tissue is only available after the biological mechanism for milk 

release has begun. Tactile stimulation, during the cleaning procedure for preparation of 

milking, activates a neuroendocrine response resulting in the release of oxytocin. This causes 

the contraction of myoepithelial cells surrounding the alveoli resulting in milk letdown. Lag 

time from the beginning of stimulation until the onset of milk ejection is 1 to 2 min, 

depending on the amount of milk being stored (Bruckmaier and Hilger, 2001). Rapid, 

continuous milk removal is only obtained with proper stimulation. Without pre-stimulation, 

the milk ejection reflex is delayed since the only other stimulation that would act on the teat 

is induced by placement of the teat cups. This results in a delay between the removal of 

cisternal milk and before the alveolar milk release. This is evident by a bimodal milk flow 

curve (Bruckmaier and Blum, 1996) which can result in a loss in milking efficiency by 

extending the time of milking. A significant relationship between bimodal milk curves and 

milk SCC in Holstein cows has been reported (Dondenhoff et al., 1999, Samoré et al., 2011). 
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Unfortunately, as labor costs have increased and farms have become larger the amount of 

time available for pre-stimulation has been decreased, consequently reducing the time 

applied for udder cleaning and preparation  

Reduced milking performance is also associated with large quarter peak flows which 

are more susceptible to bacterial infection because larger or slacker teats allow bacteria to 

infect the udder (Grindal and Hillerton, 1991). Extending the length of time the milker is 

attached increases the incidence and possibly the severity of teat-end callosity which 

influences clinical mastitis (Neijenhuis et al., 2001).  

A normal milk flow profile is characterized by essentially three different phases, an 

ascending phase, plateau phase and decline phase. During each of these phases milk flow can 

be influenced by genetic characteristics of the cow as well as environmental effects such as 

milking routine and effectiveness of the milking machine. 

Selection for Milkability 

 

Milkability is a functional trait that is complex and most often characterized by 

average milk flow rate (AVGF), maximum milk flow rate (MMF) and milking time (TMT) 

(Gade et al., 2006). After a critical assessment of milk flow rate many studies have 

acknowledged that milk flow rate or milking time requires an intermediate optimum (Donald, 

1960, Miller et al., 1976). Starting in the 1960’s most milking parlors recognized that a 

decrease in the proportion of slow milking cows would be beneficial, but an increase in cows 

with short milking times would not be advantageous due to a decrease in overall yields that 

may occur.  
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During this period bulls in the Netherlands were being progeny tested for rate of 

milking (Politiek, 1961) even though the scientific community did not completely agree on 

the selection criteria for milk flow traits. Maximum milk flow (MMF) was arguably the most 

biologically significant measure while total milking time (TMT) was considered to be a more 

useful measure pertaining to an economic appraisal (Smith et al., 1974). 

Griffen and Dodd (1962) determined that among all milk flow traits available for 

selection that maximum milk flow (MMF) was the most valuable single measure of milking 

rate for the following three reasons; milking rate is anatomically controlled, it had the 

greatest influence on the milking time of the cow and was the least dependent on milk yield. 

Collection of MMF required specialized equipment such as a kymograph or a technician to 

record milk yields at regular intervals therefore making it very challenging to collect on 

commercial dairy farms. For this reason emphasis was placed on milking measures that were 

in high correlation with MMF. Griffin and Dodd (1962) indicated that yield during the 

second minute of milking was a good indicator of MMF since there was a genetic correlation 

of 0.945 between the two measures. 

Schmidt and Van Vleck (1969) sought to verify whether MMF was the best milk flow 

measure and to determine the influence of modern milk machines as well as age, stage of 

lactation, breed and milk yield on milk flow measurements as well as developing a standard 

method of data collection and evaluation. Milk flow measurements were taken by suspending 

a milker pail from a scale recording milk yield in 15 second intervals until milk flow stopped 

(Schmidt and Van Vleck, 1969). 



 

 

 

6 

 

 Measurements obtained included time before machine stripping, machine stripping 

time, total milking time, yield before machine stripping, machine stripping yield, total milk 

yield, average rate of flow prior to machine stripping, average rate of flow including machine 

stripping, maximum rate of milk flow, yield during the first minute of milking, yield during 

the second minute of milking and yield during the first 2 min of milking. Factors measured 

on the milking machine included vacuum levels, pulsation rates and pulsation ratios(Schmidt 

and Van Vleck, 1969). 

 It was concluded that MMF was a sufficient measure for selection criteria where the 

overall goal was to decrease milking time in the parlor. Since MMF was difficult to measure 

in field settings, an alternative measure of milk flow in high correlation with MMF was yield 

during the first 2 min of milking (      ).This study did not find the same strong 

correlation that Griffen and Dodd (1962) found when only the second minute alone was 

recorded as a correlated trait to MMF (      ). The latter study included more animals 

ranging in ages, breeds and stages of lactation while the former study was only performed on 

young cows near the beginning of their first or second lactation (Schmidt and Van Vleck, 

1969). It was recommended that collecting milk yield during the first two minutes of a 

random subset of daughters of sires in question was the best phenotypic trait to identify 

which sires’ daughters had the best milking efficiency. Only one or two measurements during 

the lifetime of the cow were recommended since milk yields were highly repeatable day to 

day, week to week and lactation to lactation (Beck et al., 1951). A complete analysis should 

have included pulsation rate and vacuum level, however there was a very small amount of 



 

 

 

7 

 

variation that was attributed to these factors and by including them in the analysis the results 

were not expected to change (Schmidt and Van Vleck, 1969). 

 Miller et al. (1976) sought to estimate genetic parameters pertaining to milk flow 

traits so they could be included in genetic evaluations. Among all of the milk flow rate 

measures including MMF, average flow (AVGF) and flow prior to reaching 0.45 kg/min, 

MMF had the highest heritability of 0.47 ± 0.11.This was comparable to other estimates that 

were available (Markos and Touchberry, 1970, Tomaszewski et al., 1975). Average Flow 

(AVGF) also had a moderate heritability of 0.37 ± 0.12. Milking time traits including TMT, 

ascending time (AT) or the time to reach 0.45 kg/min and descending time all had 

heritabilities that were less than the flow traits. Total milking time was 0.17 ± 0.12 while 

ascending time and descending time were 0.19 ± 0.12 and 0.08 ± 0.15, respectively. 

 Genetic correlations reported by Miller et al. (1976) between MMF and milk yield 

(MY) was 0.69 while the genetic correlation between AVGF and MY was 0.78 and MMF 

and AVGF was 0.95 indicating that the traits are very much the same genetically with more 

environmental variation associated with AVGF.  

 Therefore, it was predicted that direct selection for MMF would slightly reduce 

machine milking time (             ). Tomaszewski (1975) prepared an index to be 

used in dairy populations that included milk yield (MY), milk flow and milk composition. 

Miller et al. (1976) argued that this index as well as others similar to it were of limited use 

until optimum milking times and rates were identified for the various milking environments 

in the industry. Without a clear breeding goal and a complete understanding of how these 
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traits influenced other production traits other than MY then selection for milk flow traits was 

considered to be a fruitless effort. 

 When considering milk flow for selection it is important to understand the 

relationship it has with clinical mastitis. An early study in 1947 found that rate of milk flow 

appeared to be a factor in susceptibility to infection, especially with hemolytic staphylococci 

which is responsible for decreased milk yield due to mastitis (McEwen and Cooper, 1947). It 

was reported that “easy” milking cows had a 50% higher infection rate than “moderate” and 

“hard” milking cows (Plastridge, 1958). Bacterial invasion of the mammary gland occurs 

through the teat canal and cows with high MMF rates have larger teat canals (Appleman, 

1970). It has also been reported that as MMF increases incidence of clinical mastitis also 

increases (Dodd and Neave, 1951) providing further evidence that the increase in teat canal 

size is not necessarily optimal. Therefore, mastitis and somatic cell count (SCC) was 

associated with fast milking cows and if selection were to occur then increased incidence of 

clinical mastitis would be expected. 

Brown et al. (1986) sought to update information on the relationship of milking rate 

parameters to mastitis using cows with much larger milk production than earlier studies. 

Only cows in early lactation (0 to 99 d) were used because early lactation had the largest 

milk production yields, longest milking times, and highest maximum rate as well as the 

largest variability between lactation groups and is more useful as a forecasting parameter 

(Brown et al., 1986). The results tended to confirm previous studies. Cows with higher SCC 

produced less milk (Raubertas and Shook, 1982). Cows with higher SCC tended to milk 

faster; however, the association was not as strong as previously stated in other studies. This 
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may have been due to a large number of first calf heifers in the study which tend to have less 

incidence of mastitis in the herds studied or the decreased variation in milking rate. It was 

suggested that milking rate characteristics have only a minor relationship to the mastitis 

status, and although the producer should be aware of the possible consequences, selection for 

milking rate should not have a large impact on SCC (Brown et al., 1986). Unfortunately, due 

to the expense and limited resources available for collecting milk flow data, only 296 

lactations were observed and collected over a 3 year period. 

 In an effort to simplify collection of milking speed data a subjective assessment of 

milking speed was developed with 5 different levels: “very slow”, “slow”, “average”, “fast” 

or “very fast” (Meyer and Burnside, 1987). Over 550,000 records were available from both 

Holsteins (85%) and Ayrshire (15%) breeds. The heritability estimate for milk speed using 

the subjective scoring system was 0.2. It was concluded that the select among bulls with 

differing transmitting abilities for milking speed would be successful and was implemented 

in the Canadian national sire evaluation (Meyer and Burnside, 1987). 

 A follow up study was executed with the objective to estimate genetic parameters of 

milking speed, somatic cell score and udder confirmation traits with the intent of developing 

a sire selection index that includes clinical mastitis resistance and decreased milking time 

(Boettcher et al., 1998). Data were available from the Canadian Dairy Network and consisted 

of 894,131 records from cows during their first lactation with a subjective score for milking 

speed. Milking speed had an estimated heritability of 0.15 which was slightly less than what 

was reported in the Meyer and Burnside (1987) study. The genetic correlation between 

milking speed and somatic cell score (SCS) was moderate and unfavorable (        ). 
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Before this study the Canadian udder health index consisted of a single trait, SCS. Inclusion 

of milking speed and udder confirmation traits in a proposed index was predicted to excel 

over the Canadian udder health index that was implemented at the time by increasing 

response to selection for TMT and decreasing the expected deterioration that accompanies 

strong selection for production traits (Boettcher et al., 1998). 

 With this information an increased effort was put forth to increase the amount of milk 

flow data that was available for bulls in other countries as well. Subjective milking speed 

scores became a part of many genetic evaluations worldwide. French Holsteins were 

recorded for milking ease on a scale of 1 to 5 (Rupp and Boichard, 1999) and Danish dairy 

cattle were scored on a 1 to 9 scale (Sorensen et al., 2000). A substantial portion of Brown 

Swiss semen from the United States was sold internationally. With increased information 

available on milking speed from bulls sold from other countries the US Brown Swiss 

Association decided to implement subjective scoring as part of its linear type appraisal 

program starting in 2004 (Wiggans et al., 2007). 

Records were available on 6,666 US Brown Swiss cows. The distribution of milking 

speed scores were skewed toward faster milking speeds and the estimated milking speed 

heritability was 0.22 and repeatability was 0.42 (Wiggans et al., 2007).The first USDA 

evaluation for Brown Swiss milking speed was released in May 2006, and because of 

growing international interest (Interbull, 2011) evaluations may be extended to other breeds 

(Wiggans et al., 2007). 

 Milking speed reported in the form of survey data, obtained directly through mailings 

to dairy producers or face-to-face interviews of dairy producers through an AI stud or breed 
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association staff has led to less than ideal information. Subjective scoring is exposed to 

potential bias and error. As progeny test herds have increased in size accuracy of survey data 

has declined rapidly (Zwald et al., 2005). In many cases those that fill out the surveys were 

not routinely involved in the everyday milking of the cows therefore making it essentially 

impossible to accurately assess efficiency of each individual cow milked (Zwald et al., 2005). 

With the ever increasing herd size many modern dairies have focused more on group 

measures (i.e. Number of cows milked per hour) due to the simplicity of the measure. This 

only evaluates the herd as a whole and is difficult to use in genetic evaluations. Until 

recently, computer technology in milking parlors has not allowed for easy, routine storage of 

milk flow traits for individual cows (Zwald et al., 2005).  

 Using new computing and data collection technology a little over 10,000 cows were 

evaluated to determine the usefulness of electronically recorded TMT for genetic evaluations. 

Additionally, genetic relationships between TMT and other economically important traits 

including production, confirmation and health were assessed (Zwald et al., 2005). It was 

concluded that great potential exists for collection and analysis of a large quantity of 

objective TMT data. There was greater efficiency in collection of the data, quantitative 

values simplified the models for analysis and there was reduced opportunity for error or 

biasness. 

However, there are potential challenges associated with collecting milk flow data 

using the method described by Zwald et al. (2005). The software used in the US is only 

capable of collecting TMT and not flow rate. Another concern is that relatively few herds 



 

 

 

12 

 

have the resources available within the milking parlor to collect milk flow data (Zwald et al., 

2005). 

 Internationally dairy producers have implemented the use of the LactoCorder®, an 

electronic mobile milk flow meter that records milk flow characteristics every 0.7s and saved 

at intervals of 2.8 s (WMB, 2005). In Italy data was initially collected from 89 herds where 

3089 milk flow profiles were measured (Sandrucci et al., 2010). The objective was to 

determine if data collected by a mobile milk flow meter could describe the milk flow curve 

and investigate whether the meter could identify herds with superior milking operation, milk 

production and how that relates to udder health measured as somatic cell count (Sandrucci et 

al., 2010). Mobile milk flow meters were successful in identifying herds with suboptimal 

management practices including lengthened overmilking and bimodality within the curve 

signifying insufficient or absent pre-milking preparation. Sandrucci et al.(2010) also 

concluded that cows with higher SCC had higher MMF. 

With the increasing amount of milk flow data and the demand for genetic progress for 

milkability traits the Italian Brown Breeders Association (ANARB) made an update to their 

selection index (ITE) to include milking speed measured as (AVGF) in 2005. However, 

milking speed was reported to be unfavorably correlated with other economically important 

traits including somatic cell score (SCS,       ) and protein percentage (       ) 

(Ghiroldi et al., 2005). Therefore with the inclusion of milking speed in the index SCS was 

introduced into the index with a slightly negative weight while the weight for protein 

percentage was increased (Ghiroldi et al., 2005). 
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German dairy cattle genetic evaluations have utilized milk flow information gathered 

from mobile flow meters as well. Current breeding value estimation for milkability for 

Holsteins includes subjective and objective milk flow measures as well as serial milkability 

information simultaneously (Gade et al., 2006) using linear models. Gade et al. (2006) 

acknowledged that generally a random regression model would be the most appropriate 

method in analyzing these lactation measures but due to the lack of records available random 

regression analyses will be reserved for future possible applications. Currently milkability is 

considered an additional information trait for selection, therefore breeders can decide 

whether to use the additional information or not (Gade et al., 2006).  

Milkability studies to date have taken into account one or more measures of release 

during milking time. It is likely though that the overall milking-emission curve rather than a 

specific measure would better model milk emission for the purpose of evaluating its 

relationship with production and functional traits. Rossoni (2002) investigated the variation 

of parameters describing the milking-emission curves within lactation for the same individual 

and across parities to investigate the relationship between curve shapes, production, and 

SCC. In Rossoni’s study, a simplified model for the milk released at each single milking can 

be interpreted as a combination of maximum milk flow and length of stable flow. Those 

measures appear to be relatively stable across parities and stages of lactation, with 

repeatabilities for MMF and time at plateau (TP) of 0.68 and 0.50, respectively, therefore, 

characterizing a sort of milk-emission fingerprint for each individual.  

Genomic tools used to improve milk flow traits 
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 Most economically important traits in dairy cattle production are influenced by many 

genes and environmental factors. Breeding programs have been developed to select animals 

with the most favorable number of genes using evaluation methods like BLUP to estimate 

breeding values of animals.  The underlying nature of genes that affect these traits of interest 

are typically unknown. 

 A lot of work has been dedicated to locate genes affecting economically important 

traits in dairy cattle. With the development of marker assisted selection (MAS) genetic 

markers associated with genes of interest could be implemented in genetic evaluations to 

improve selection. In the early to mid 90’s the focus was primarily on production traits using 

granddaughter designs (Weller et al., 1990a) namely milk, fat and protein production in 

which quantitative trait loci (QTL) were identified (Arranz et al., 1998, Coppieters et al., 

1998, Georges et al., 1995). 

Marker assisted selection was expected to be most beneficial for traits with low 

heritability or traits that are difficult to measure such as functional traits including 

milkability, fertility and health traits. These traits are difficult to improve efficiently using 

traditional breeding programs. Dairy cattle were a prime subject for the implementation of 

MAS due to long generation intervals, increased interest in functional traits and breeding 

programs that were dependent on progress associated with sex-limited traits. 

In an effort to identify QTL associated with conformation and functional traits that 

could be implemented in MAS Schrooten et al. (2000) designed a study using a “dense” 

microsatellite marker map that covered the whole genome in Holstein cattle. Among the 

many traits that were included in this study, milking speed, measured on a subjective scale 
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was included. Several QTL for milking speed were identified as significant (P < 0.05) on a 

chromosome-wise level on chromosomes 2, 3 and 23 (Schrooten et al., 2000). The marker on 

chromosome 23 was also associated with fore udder attachment which is genetically 

correlated with both SCC and mastitis resistance (Schrooten et al., 2000). In two other 

studies SCC QTL were identified within 10 cM of the marker associated with milking speed 

QTL (Ashwell et al., 1998, Ashwell et al., 1996). No QTL for milking speed were significant 

on a genome-wise level. It was concluded that these QTL were not statistically significant 

enough to warrant MAS to be implemented for milking speed (Schrooten et al., 2000). 

Another population of dairy cattle in France (Holstein, Normande, and Montbeliarde 

breeds) using a similar microsatellite map used by Schrooten et al. (2000) was utilized with 

the intent to identify large QTL for 24 traits (production, milk composition, persistency, type, 

fertility, mastitis resistance, and milking ease) (Boichard et al., 2003). Among these traits 

milking speed using a subjective scoring system was implemented in the analysis. A total of 

6 markers were identified associated with milking speed that were significant on a 

chromosome wise level (Boichard et al., 2003), genome-wise significance was not reported. 

All six of these markers were novel to this study. Three markers located on chromosomes 6 

(BM2320), 8 (BMS678) and 13 (ABS10) had chromosome-wise significance levels of P < 

1% while markers on chromosomes 5 (CSSM022), 19 (BMS1069) and 22 (CSSM006) had 

chromosome-wise significance levels of 1% < P < 2% (Boichard et al., 2003). Markers on 

chromosomes 6, 8, and 13 were reported to explain 13%, 8%, and 9% of the genetic 

variance. It was concluded that although the QTL effects were quite large and very attractive 

to use in MAS the confidence interval of the location for each of the markers were quite large 
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and was impossible to test for two linked QTL emphasizing the need for a denser map. There 

were also few heterozygous sires emphasizing the limitations of the study. 

In Germany, Holsteins received a whole genome scan of 264 markers with the intent 

of mapping QTL for body conformation and behavior using a subjective scoring system 

(Hiendleder et al., 2003). Subjective milking speed score was among the traits considered to 

be a linear behavior measure. Among the 4 QTL identified for milking speed 3 were novel to 

this study. Boichard et al. (2003) reported milking speed QTL on chromosome 5 at 97cM 

while Hiendleder et al. (2003) detected a QTL at 72 cM. The remaining QTL detected by 

Hiendleder et al. (2003) were significant (P < 0.05) on a chromosome-wide basis on 

chromosomes 10, 18 and 29. Only one of these markers located on chromosome 29 was 

considered to be significant on an experiment-wide basis (P = 0.116). This marker was also 

in close association with cattle temperament. This was not surprising since milk secretion is 

directly dependent on oxytocin, a hormone sensitive to various types of emotional stress 

(Wellnitz and Bruckmaier, 2001), stressed or nervous animals have a delayed milk flow and 

therefore reduced milking speed as a result of reduced oxytocin secretion (Rushen et al., 

1999, Rushen et al., 2001). 

When considering MAS selection for a single trait may lead to genetic changes in 

other traits because of the genetic correlations between the traits. Possible causes for genetic 

correlations are pleiotropy or linkage disequilibrium which can have an effect on the 

estimated value of the QTL for MAS. Multiple trait QTL analysis was developed to address 

the effect of QTL on multiple traits by canonical analysis by identifying the contribution of 

QTL to the overall genetic correlation (Schrooten and Bovenhuis, 2002). This analysis can 
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reveal chromosomal regions affecting multiple traits called multiple trait quantitative regions. 

However, this method cannot distinguish between pleiotropic QTL and closely linked QTL 

(Schrooten et al., 2004). One of the benefits of using a multiple trait analysis for identifying 

significant regions of the genome associated with a trait of interest is its increased power in 

detecting QTL which can account for a number of QTL that are not identified using single 

trait analysis (Korol et al., 1995). 

Using the multiple trait approach described in Schrooten and Bovenhuis (2002) 4 

regions were identified as multiple trait quantitative regions for milking speed (Schrooten et 

al., 2004). These regions were located on chromosomes 4, 7, 14 and 26. Among all the other 

traits included in the study milking speed shared regions identified for kilograms of protein 

(BTA4), kilograms of milk (BTA7, BTA14), fat percentage (BTA14), udder depth (BTA14, 

BTA26) and fore udder attachment (BTA14, BTA26). These results provide evidence that 

milking speed may be related to many different types of traits and including these markers 

for milking speed in a breeding program could potentially affect other traits including udder 

confirmation and production. The study recognized that multiple testing was not taken into 

account and the false discovery rate was relatively high (0.52) therefore requiring caution for 

interpreting the results.  

Genomic Selection  

Within the last decade single nucleotide polymorphisms (SNPs) have changed the 

approach to QTL discovery and the overall utilization of molecular markers. A SNP is 

genetic variation in a DNA sequence that occurs when a single nucleotide in a genome is 

altered. Although a SNP is binary in nature and by itself is less informative than other 
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biological markers it is the densest of the molecular markers available. With the increased 

affordability of high throughput genotyping efficient exploitation of population historical 

linkage disequilibrium is possible, overcoming the low resolution and power of linkage 

mapping by allowing direct association of single markers to the quantitative trait commonly 

referred to as genome wide association (GWAS). 

Unfortunately, the identification of QTL using GWAS for implementation in MAS is 

still limited. Markers are still believed to not be dense enough to detect QTL for traits with 

low heritabilities except for the rare occasion when a relatively large QTL is present 

(Maltecca et al., 2010). Furthermore, in a MAS selection scheme, markers only explain a 

proportion of the total variance depending on the number of markers and the QTL effects 

(Goddard, 2009). 

Overall research towards MAS has been extensive but implementation has been 

limited and increases in genetic gain have been small (Dekkers, 2004). Since most economic 

traits are influenced by many genes, tracking a small number of these through DNA markers 

will only explain a small proportion of the genetic variance. Additionally, each gene is likely 

to only contribute a small effect. Therefore, a large amount of data is required and could be 

as large as 10,000 animals or more to accurately estimate each effect and if haplotypes are 

used then the problem is increased substantially since as many haplotype effects must be 

estimated (Weller et al., 1990b). To overcome these difficulties Meuwissen et al. (2001) 

proposed a variation of MAS commonly called genomic selection. The key features to this 

method are that there are enough markers covering the entire genome to account for all of the 

genetic variation regardless of population structure and power of association and that at each 
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QTL is assumed to be in LD with at least one marker (Meuwissen et al., 2001). Using 

simulated data Meuwissen et al. (2001) were able to show that breeding values could be 

predicted with accuracies of 0.85 using marker data alone. 

The major drawback to genomic selection was it required large number of markers 

and the cost of genotyping was an economic hardship. Following the sequencing of the 

bovine genome the thousands of single nucleotide polymorphisms (SNPs) were identified 

and with rapid development of affordable SNP genotyping technology these limitations are 

no longer of great concern(Goddard and Hayes, 2007). 

Genomic selection relies on a subpopulation that has both phenotypic and genotypic 

information available. Prediction equations are developed using information from the 

reference population to screen potential selection candidates. This shortens the generation 

interval for cattle considerably (Schaeffer, 2006). It also increases the accuracy of prediction 

over traditional selection schemes by an average of 23% (VanRaden et al., 2009).  

Genomic selection also relies on accurate breeding values for animals in the reference 

population requiring genomic selection to currently be useful for traits that are routinely 

collected on commercial dairies. One method to overcome this challenge would be to 

increase the number of animals in the reference population (Goddard and Hayes, 2009). 

Another potential obstacle relative to genomic selection is that linkage disequilibrium 

between markers and QTL will decrease over time and marker effects will eventually need to 

be re-estimated (Muir, 2007) which could potentially change prediction equations used for 

selection decisions. 
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Modeling genomic selection has acquired a lot of attention within the last couple of 

years. Multi-step genomic selection was the first method introduced for improvement of 

cattle requiring a 3 step process. First regular genetic evaluations using the animal model are 

calculated; second, estimation of genomic effects on a small number of genotyped animals 

are estimated (VanRaden, 2008); finally, genomic breeding values are estimated (Misztal et 

al., 2009, VanRaden, 2008). 

There are many methods available for the estimation of the genomic breeding values. 

A traditional BLUP approach which assumes all markers have the same variance is 

commonly used (VanRaden, 2008). A Bayesian approach with different variations can also 

be implemented in predicting genomic breeding values. The main advantage of using a 

Bayesian approach is that prior knowledge of QTL effects can be implemented. A prior 

distribution that best fits the data is sampled, estimating variances associated with each 

marker. Bayesian techniques can also implement model selection by removing trivial effects 

from the model to reduce noise that may be influencing the predictions. 

Some advantages to multi-step selection are that regular evaluations that have been 

performed in the past do not change and simple steps can be taken to predict genomic values 

for young genotyped animals (Misztal et al., 2009). The disadvantages on the other hand are 

that only animals considered “of worth” is genotyped, therefore causing somewhat of a 

selection bias and loss of accuracy (Aguilar et al., 2010, Legarra et al., 2009). It also requires 

previous knowledge of variances and weights and for new traits those may not be known 

(Aguilar et al., 2010). 
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One step genomic selection is actually a very simple process that is very similar to 

current animal evaluation methods. The main difference is instead of using the inverse of the 

pedigree numerator relationship matrix another matrix (H matrix) is formed by combining 

the pedigree relationship matrix of animals that are not genotyped with a matrix containing 

differences between the pedigree based and genomic based relationships. This simplifies the 

multi-step into one step in which variance components and weights are estimated 

simultaneously with genomic values. It also increases the accuracies of breeding values 

slightly without as much bias (Aguilar et al., 2010). Unfortunately this method requires an 

inverse of an H matrix mentioned above which has a section that is not sparse therefore 

making computations somewhat difficult and computationally expensive (Misztal et al., 

2009). With that said methods have been developed to ease this computation (Aguilar et al., 

2010). This is also a fairly new method that has not been tested on many traits specifically 

traits that are not measured regularly. However, theoretically this method should be 

advantageous to use across many different traits and models. 

CONCLUSION 

 

 Milk flow traits are economically important in dairy production. Traits associated 

with milk flow including milking speed and flow rate have been recognized by producers 

from many countries as a trait that can be improved upon. Selection for milk flow has been 

actively applied to some dairy herds for the past 50 years. Unfortunately due to the cost and 

labor associated with collecting flow data it has been difficult to make a lot of progress. 

Currently most international genetic evaluations that claim to include milking speed in their 
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index are referring to milking speed measured on a subjective scale which has a potential 

bias in the results. 

 Few QTL have been identified pertaining to milk flow traits. Among the studies that 

have identified possible QTL none of them used an objective method in estimating milking 

speed or time. There is a lack of knowledge pertaining to the quantity and magnitude of QTL 

effects as it pertains to milk flow traits, specifically total milking time, ascending time, time 

at plateau, descending time, maximum milk flow and average milk flow. 

Finally, as mentioned above milk flow traits can be somewhat expensive to collect 

therefore making milk flow a perfect candidate for genomic selection. To date genomic 

selection is not implemented nor has there been any study available that discusses the 

possible increase in accuracy that could occur if it were implemented. 

 The subsequent 3 chapters will address these concerns with the following objectives; 

Chapter 2 

 The aim of this study was to evaluate the possibility of including different milkability 

measures in the selection program for the Italian Brown Swiss population. The following 

steps were considered: i) estimation of heritabilities and correlations for milk release and 

production traits obtained from a single control in a large Italian Brown Swiss population, ii) 

estimation of heritabilities and correlations for single milk flow data with 305-d production 

traits and conformation traits, and iii) investigation of correlated responses for production 

and functional traits with the use of different milk flow traits in a selection index. 
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Chapter 3 

 The aim of this study was to identify QTL regions associated with milk flow traits 

namely total milking time (TMT), ascending time (AT) , time of plateau (TP), descending 

time (DT), maximum milk flow (MMF) and average milk flow (AVGF) by GWAS using a 

dense SNP panel.  

Chapter 4  

The overall objective of this study was to determine if genomic selection could be 

implemented in a relatively small population (Italian Brown Swiss) on a novel trait 

(milkability). This was accomplished by the following methods i) predict breeding values for 

milkability traits using SNP marker genotypes, ii) evaluate the reliability of these breeding 

values for sires with a relatively small number of daughters with phenotypic information, iii) 

compare reliabilities of alternative methods of predicted breeding values, iv) and predict 

breeding values from low-density SNP genotypes and evaluate the differences based on 

method of calculation and reliability associated with the prediction. 
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Chapter 2  

Genetic Evaluations for Measures of the Milk Flow Curve in the Italian 

Brown Swiss Population 
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ABSTRACT 

 

The objective of this study was to estimate heritabilities and genetic correlations 

between milk release parameters, somatic cell score, milk yield and udder functional traits in 

the Italian Brown Swiss. Data were available from 37,213 cows over a span of 12 years (1997 

– 2008) from 1661 herds. Milking flows were recorded for each individual once during 

lactation. Three different analyses were performed to estimate variance components for all 

the traits of interest. The first analysis included single control data milk yield (TD-MY), 

somatic cell score (TD-SCS), maximum milk flow (MMF), average flow (AVGF), time of 

plateau (TP), decreasing time (DT) and total milking time (TMT), whereas the second 

analysis included milk release parameters as well as total udder score (TUS), udder depth 

(UD), 305-d milk yield (305-MY) and somatic cell score (305-SCS) as the dependent 

variables. The third analysis included TMT, 305-MY, 305-SCS, TUS, UD and ratios of MMF 

over TMT (R1), TP (R2) and DT (R3) to estimate the relationship between the shape of the 

milk release curves and important milking traits. Results from the first and second analysis 

found similar heritabilities for milkability traits ranging from 0.05 – 0.41 with genetic 

correlations between production traits and flow traits ranging from low to moderate values. 

Positive genetic correlations were found among production, SCS and milkability traits. The 

third analysis showed that R1 had the highest heritability of the ratio traits (0.37) with large 

genetic correlations with R2 and R3 and a low correlation with 305-SCS and no correlation 

with 305-MY. Estimated responses to selection over 5 generations were also calculated using 

different indices which included either flow or ratio traits. The results of this study show that 

it is possible to utilize information collected through portable flow meters to improve 
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milkability traits. Using a set of variables or traits to describe the overall release of milk can 

be an advantageous selection strategy to decrease management costs while maintaining milk 

production. 

Key words: milkability, dairy cattle, genetic improvement 
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INTRODUCTION 

 

Milkability belongs to the group of traits termed functional traits which also include 

health, feed efficiency, fertility, and calving ease. Milkability can be defined as the ease of 

milking of dairy cows. This trait is usually measured as milking speed, either recorded 

objectively or through subjective measure (Meyer and Burnside, 1987; Sandrucci et al., 

2007). 

Other indicators of milkability include flow measures such as Average Milk Flow 

(AVGF) and Maximum Milk Flow (MMF) (Guler et al., 2009).Milkability measures, either 

as milking flow or speed, have long been recognized as relevant criteria in animal selection 

(Miller et al., 1976; Bruckmaier et al., 1995), due to their impact on management costs of 

milking cows (Groen et al., 1997).An increase of MMF and AVGF and a reduction of total 

milking time (TMT), results in a reduction of milking labor time and in an increase of the 

efficiency of the automatic milking system (Dodenhoff et al. 1999b). Considering that labor 

accounts for a large fraction of the total costs of milk production, it is not a surprise that 

Prints et al. (2002) estimated economic values for milking time expressed as 

euro/minute/cow/year ranging from 1.63 to 25.97 €, depending on the size of milking parlor.  

Furthermore, milkability traits have been indicated as the third most important 

variable, after milk yield and fat content, affecting farmer’s net profit (Sivarajasingam et al., 

1984; Meyer and Burnside, 1987) and consequently the culling rate (Bagnato et al., 2003). 

The association between milking speed, SCS, and clinical mastitis incidence is controversial. 

High level of SCS has been generally associated with fast milking on the basis of both 

subjective measures (Lund et al., 1994; Boettcher et al. 1998) and with electronic measures 
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(Zwald et al., 2005; Samoré et al., 2009). Rupp and Boichard (1999) estimated a similar 

relationship between milking speed and SCS but a non-significant relationship with clinical 

mastitis incidence, whereas Wiggans et al. (2007) reported correlation values of -0.14 and -

0.40, for different estimated breeding value (EBV) reliability levels, associating fast milking 

with lower values of SCS. Samoré and Groen (2006) detected a non-linear relationship 

between bulls` breeding values associating the average values for SCS with classes of 

milking speed EBV in the Italian Holsteins although the correlation between EBVs of 0.07 

evidenced a small but unfavourable relationship. 

Although flow measures represent an improvement over subjective scoring or the 

direct measure of milking time, they may only describe one aspect of milkability and other 

factors should be considered. In particular, some studies have found ties between 

characteristics of milk emission curves and SCS. Several authors (Naumann, 1998, Sandrucci 

et al., 2007, Tancin et al., 2003, Tancin et al., 2006) reported a significant correlation 

between duration of the different phases of milk release and SCC in milk. A recent study of 

Zucali et al. (2009), performed on primiparous Holstein cows, confirmed that high SCC are 

significantly correlated with higher flow (average and maximum) along with a longer decline 

phase during milking time.  

Recently, the Italian Brown Breeders Association (ANARB) has adopted AVGF as 

measure of choice in its genetic evaluations. However in Italian Brown Swiss, average flow 

has some unfavorable correlations with important functional traits, particularly with SCS 

(0.46), and udder type traits such as udder depth (-0.25) (Ghiroldi et al., 2005). 

 Milkability studies to date, have taken into account one or more measures of release 

during milking time. It is likely though, that the overall milking emission curve rather than a 
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specific measure would better model milk emission for evaluating its relationship with 

production and functional traits. Rossoni (2002) investigated the variation of parameters 

describing the milking emission curves within lactation for the same individual, and across 

parities to investigate the relationship between curve shapes, production and SCC. In their 

study, a simplified model for the milk released at each single milking can be interpreted as a 

combination of maximum milk flow and length of stable flow. Those measures appear to be 

relatively stable across parities and stages of lactation with repeatabilities for MMF and time 

at plateau (TP) of 0.68 and 0.50, respectively, therefore characterizing a sort of milk 

emission “fingerprint” for each individual. 

The aim of this study was to evaluate the possibility of the inclusion of different 

milkability measures into the selection program of the Italian Brown Swiss population. The 

following steps were considered: i) estimation of heritabilities and correlations for milk 

release and production traits obtained from a single control in a large Italian Brown Swiss 

population; ii) estimation of heritabilities and correlations for single milk flow data with 305 

production traits, and conformation traits; iii) investigation of correlated responses for 

production and functional traits with the use of different milk flow traits in a selection index. 

MATERIALS AND METHODS 

 

Data for the study were provided by the ANARB and included information spanning 

a 12 year period (1997 to 2008).  
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Flow data 

Milking flows were recorded once for each individual during a single lactation using 

a portable milk flow recorder (LactoCorder®, WMB AG, Balgach, Switzerland). Milk flow 

characteristics were detected every 0.7 s and saved at intervals of 2.8 s (WBM, 2005).  

The flow profile can be divided in 6 phases: 1) Ascending Time (AT) defined as 

period spanning from a milk flow greater than 0.5 kg/min and until Time of Plateau (TP); 2) 

TP defined as steady milk flow; 3) Decreasing Time (DT) spanning from the end of TP (i.e. 

declining flow) until milk flow was below 0.2 kg/min;4) Over-milking Time (OT) defined as 

the time between a milk flow below 0.2 kg/min and the group removal; 5) Stripping Time 

(ST) defined as a period, at the end of milking, with milk flow greater than 0.2 kg/min and 

lasting for at least 4.2 s., and 6) Over-milking Time After Stripping (OTS) defined as the 

time between a milk flow below 0.2 kg/min and the group removal after ST . The overall 

sum of all the periods corresponds to TMT. Additionally MMF was recorded as the 

maximum flow preceding the TP.  

In order to estimate variance components and genetic correlations between milk flow 

traits and production records, two models were applied. In the first model a single measure of 

both flow and production traits was investigated, while in a second analysis milk flow 

measures were analyzed in a model including functional traits and305 days data for 

production traits (see details below).  

Production traits 

Single control production traits included daily milk production (TD-MY) and SCC 

collected during the routine milk recording scheme. Because these data were not always 

taken contemporarily to flow measurements, the routine milk recording closest to the flow 
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measurement was retained in the analysis. Because routine milk recording occurs every 28 

days, the maximum distance between flow data and TD-MY and SCC was of 14 days. Raw 

SCC data were converted to somatic cell score (SCS) following procedures of Wiggans and 

Shook (1987) and single control somatic cell score (TD-SCS) measures were then employed 

in the analysis.  

Lactation data (305-d), included 305-d milk yield (305-MY) and individual SCC 

averaged within lactation and transformed into somatic cell score (305-SCS) as in Samoré et 

al. (2009). 

Functional traits 

Functional traits considered in the lactation data analysis included only traits showing 

unfavourable correlation with AVGF (Ghiroldi et al., 2005) in the Italian Brown Swiss Total 

Economic Index (ITE), such as Udder Depth (UD), or a trait directly related to the udder 

health of the individual such as the Total Udder Score (TUS). 

Data editing  

The original dataset consisted of 66,874 observations from 47,579 Italian Brown Swiss 

cows distributed over 1,794 herds. All the cows in a herd, at the visit of the technician, were 

recorded for milk flow measures. A minority of individuals (~5%) had multiple observations 

and for those animals, only the most recent observation was retained. The use of oxytocin 

was recorded on each individual at milk flow measurement and records of treated cows were 

deleted. Observations with missing production or flow data were deleted. To target potential 

problems in the structure of flow data the combination of production and flow measures, in 

relation with the stage of lactation was investigated for each cow. Animals with inconsistent 

patterns (e.g. with very high yield and extremely short milking time at a late stage of 



 

 

 

39 

 

lactation) were further inspected and possibly eliminated from the dataset. The general 

editing criteria adopted in the study are depicted in Figure 1. Data editing resulted in a 

sizable loss of data. Reasons for this might be several and could be related to both data 

collection, namely the incorrect pairing of test day production and milk flow measurements, 

and technical problems in the recording of one or more parameters either caused by the 

portable flow meter itself or by the technician handling. Given that the scope of the present 

study was the estimation of variance components, very conservative data editing was applied. 

Nonetheless, the effects of flow measurements data editing on breeding values estimation 

was further investigated. A series of single control models were fitted relaxing one editing 

criterion at the time and rank correlations between the top 150 sires in each analysis were 

obtained. In the final data set, at least two records per each level of the herd-year-month of 

test class were guaranteed. The final dataset consisted of 37,213 records from cows’ daughter 

of 2,361 sires and 30,231 dams distributed over 1,661 herds (Table 2.1). Pedigree 

information included 1,018,284 individuals, spanning 7 generations. For the analysis based 

on 305-data, lactations shorter that 250 d and all 305-MY more than 3.5 S.D. lower than the 

mean 305-MY were discarded. 

Data analyses 

Three separate analyses aiming at obtaining estimates of variance components and 

correlations for flow and production traits were performed. 

Single control analysis  

A 7 trait animal model was fitted: 

 

Where  
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 = dependent variables: TD-MY, TD-SCS, MMF, AVGF, TP, DT 

and TMT;  

 = factor common to all observations: 

= fixed effect of parity (2 levels, first and later lactations);  

= fixed effect of herd (1661 levels); 

= random effect of year-month of test;  

 
= covariate of age of cow at first calving (months);  

= covariate of days in milk (days);  

= additive genetic random effect of animal 

 = random residual error  

Standard distributional assumptions for year month of test, additive genetic and 

residual variances were employed. 

305-d analyses: 

In order to estimate genetic correlations of milk flow records with 305-d production, a 

second 9 traits animal model was applied. The model was similar to the previous with the 

substitution of a fixed year-season effect (117 levels) for the random year-month-of-testing 

effect previously fitted. The traits included in the model were in this case: MMF, AVGF, TP, 

DT, TMT, 305-MY, 305-SCS TUS and UD. 

In this analysis, single control flow measures are coupled with lactation measures of 

production. Ideally, repeated observations of flow over the course of lactation should be 

included in the model. Inclusion of repeated measures would result in higher accuracies of 
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the breeding values estimated, particularly if repeatability for some or all flow traits are low. 

Currently data collection in the Italian Brown population does not envisage multiple 

recording of flow measurements. Nonetheless in the original dataset multiple observations 

were available for a subsample of 4,737 cows, daughters of 285 sires (mean 2.45 

observations). These data were employed in a separate analysis, to obtain an indication of the 

repeatability for the flow measures and gauge what advantage might be achieved with the 

inclusion of multiple measures of flow. The model employed was similar to the one in the 

305-d analysis with the inclusion of an extra random permanent environmental effect. Due to 

convergence problems this analysis was restricted to flow and production traits only.  

Finally, fitting a covariate for days in milk (DIM) will account for differences in stage 

of lactation for flow parameters. The regression coefficient is in this case obtained from the 

range of DIM present in the current data. Estimates from a reliable sample of individuals 

with repeated measures covering a larger spectrum of DIM within the same lactation could 

improve the model fit. To investigate this possibility, a model similar to the one in the 305-d 

analysis, in which milk flow traits were pre-adjusted for the stage of lactation, was fitted. 

Adjustments were performed as:  

 

Where y* is the adjusted trait of interest, yi is the unadjusted trait collected at the i
th 

day of lactation, and  is the linear regression coefficient. The linear regression parameters 

were in this case estimated using the GLM procedure of SAS (SAS Inst. Inc., Cary, NC) 
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from an independent sample of 210 individuals with an average 11.32 repeated milk release 

measures (min DIM 2, max DIM 400), collected through the course of an entire lactation. 

The model with pre-adjustments substituted for the DIM covariate yielded similar 

results and is not discussed in the following sections. 

Ratios analysis 

The flow of milk during milking operations can be divided in approximately 3 

phases: increasing, stable and decreasing. To provide a description, albeit approximate, of 

how the shape of milk release curves affects milkability, production and functional traits, the 

following ratios MMF/TMT (R1), MMF/TP (R2) and MMF/DT (R3) were calculated.  

Given that MMF is the numerator for all ratios, an increase of any of the ratios will 

corresponds to an overall reduction in TMT. Nonetheless, with the different ratios, this will 

occur at the expense of a different variable. An increase in R1 will shorten TMT without 

placing any constraints on the duration of stable or decreasing flow acting mainly on the 

MMF. On the other hand an increase in R2 will shorten TMT by shortening the phase of 

plateau. Finally changes in R3 will modify TMT by constraining the DT. Those measures can 

be considered complementary and their changes would shift the release curve shapes either 

towards “pointy profiles” with more or less steep phases of increase, decrease, separated by a 

very short stable flow or conversely, to “square profiles” with longer stable flows and more 

or less steep phase of ascension and decline.  

To investigate how those flow variables relate to production and functional traits, a 

third animal model was fitted with the following 8 traits: R1, R2, R3, TMT, 305-MY, 305-

SCS, TUS, and UD. The ratios were constructed starting from flow measures and the model 

was identical to the 305-d analysis.  
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Variance component estimation 

Variance components were estimated using GIBBS2F90 software (Misztal et al., 

2002). For each analysis a single chain consisting of 150,000 iterations was employed, with a 

burn in period of 30,000 iterations. Convergence was assessed visually from the trace plot. 

Inferences on the variables were obtained as mean of the respective posterior distributions. 

Milkability and selection 

To verify the potential impact of different measures of milkability on production and 

functional traits in the Italian Brown Swiss population, the selection response for milkability 

over 5 generations (approximately 30 years) was predicted by including flows and time in 

hypothetical milkability selection indexes. Three different scenarios were played. In the first 

one, positive weight (100) was given only to AVGF while all other flow and time parameters 

were excluded from the index. This loosely mimics the actual selection for milkability in the 

Italian Brown Swiss population. In the second scenario all flow and times were included in 

the index and weighted accordingly. Finally in the last scenario flow and time measures were 

included as ratios and again weighted accordingly. In all cases the overall selection objective 

was the reduction of TMT with the constraint of maintaining milk production constant and 

minimizing SCS increase. Weights reported were established through a search grid that 

produced the best results relative to the overall goal and do not represent a monetary value 

but rather a measure of relative importance in the index.  

 Weights in the index were: MMF (-9.3), TMT (-37.5), TP (36.2), and DT (-17.6) for 

the second scenario and R1 (75.19), R2 (-5.26), and R3 (30.07) for the third scenario 

respectively. Results are presented as selection response for the correlated production and 

health traits, and TMT. It is important to note that all scenarios played represent an over-
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simplification of reality because they do not account for the actual direct selection for milk 

and SCS in the ITE, and are aimed at showing the complex nature of the milkability 

character along with providing an overall indication of how milk release parameters could be 

employed jointly to improve both milkability and health parameters. Direct comparison of 

milkability indexes is beyond the scope of this paper and should account for the overall 

structure of the ITE. 

RESULTS AND DISCUSSION 

 

Influence of data editing 

 

Rank correlations for a subset including the top 150 sires for the five flow traits with models 

fitted relaxing single editing criteria are reported on Table 2.3. Data were analyzed with the 

same model used in the single control analysis. Starting from the complete data edited for 

criteria not related to flow patterns (44,465 individuals) data were eliminated by relaxing 

editing parameters one at a time. The columns (None) and (All) correspond to the data in the 

final analysis and the whole dataset, respectively. Estimates of variance components for the 

different models fitted were similar. Removing of single editing criteria had a relatively small 

influence on the ranking of sires with rank correlations in the mid and upper nineties. None 

of the specific editing criterion appeared to have a major effect on the re-ranking of 

individuals, although taken as a whole the editing resulted in sizable changes in correlation of 

about 10%. Removing editing criterion cumulatively produced a linear decrease in 

correlations (data not shown). Changes in correlation were similar across traits. Variance 

component estimations were not heavily affected by these editing procedures and less 

stringent editing criterion could be used.  
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Single control analysis  

Heritabilities, as well as genetic and phenotypic correlations for the single control 

analysis are presented in Table 2.4. Estimated heritabilities for production traits are 

consistent with estimates obtained by the Italian Brown Swiss in their routine genetic 

evaluations (data not shown), indicating that data structure of this research and the estimates 

here obtained are representative of the whole population. The TD-MY heritability estimate 

was consistent with that recently found by Samoré et al. (2007), as for the TD-SCS 

heritability estimate (0.10), it is in line with that reported by Samoré et al. (2007) and 

Boettcher et al. (1998) for the same trait in Brown Swiss and Holstein, respectively.  

Heritability estimates for TMT, AVGF and MMF ranged from moderate to high, with 

values of 0.11, 0.27, and 0.40 respectively. This is in agreement with other studies (Gade et 

al., 2006; Guler et al., 2009; Aydin et al., 2008).As expected, MMF had a strong positive 

genetic correlation with AVGF (0.96), whereas genetic correlations between those flow 

measures and TMT were negative, with values of -0.86 and -0.90 for MMF and AVGF, 

respectively, similar to findings in other studies (Gade et al. 2006).  

 Genetic correlations between TD-MY and TMT and between TD-MY and TP were 

moderate and positive, with values of 0.35 and 0.31 respectively, indicating that cows 

producing a larger amount of milk tend to have a longer TMT. Our estimates agreed with 

those of Guler et al. (2009), but were lower than those found by Sandrucci et al. (2007). 

Estimates of genetic correlations between TD-SCS and MMF (0.21) or AVGF (0.12) 

were positive. However, TD-SCS was negatively correlated with TP (-0.21) and positively 

correlated with DT (0.46). Grindal and Hillerton (1991) indicated that higher flows are 

associated with larger sphincters that facilitate bacterial exposure to the udder tissues, thus 
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causing mastitis and this could explain the estimates of the present research, suggesting that 

individuals with a lower flow and a longer TP tend to have lower SCS and better udder 

health. 

In the current analysis, TD-MY and MMF were essentially uncorrelated whereas 

there was a moderately positive genetic correlation between TD-MY and TD-SCS. These 

correlations were in contrast with those by Sandrucci et al. (2007), Brown et al. (1986) and 

Dodenhoff et al. (1999a). Our results suggest a general trend towards higher milk production 

with lower SCS when the milking time tends to be longer with lower MMF and longer TP.  

The proportion of additive variance explained and the consistent genetic correlations 

calculated for the Italian Brown Swiss population would indicate that a selection program 

could successfully be implemented for milkability using the various flow traits here 

considered. At present only one of these traits is considered in the ITE but the inclusion of 

additional milking variables to better tailor selection for milkability may be considered in the 

near future. 

305-d analysis  

Heritability estimates, as well as genetic and phenotypic correlations for the complete 

lactation analysis are presented in Table 2.5. Heritabilities for TMT, TP, DT, AVGF, and 

MMF were similar to those estimated with the single control analysis, whereas heritabilities 

for production traits were higher (0.15 for 305-MY and 0.15 for 305-SCS).  

The heritability for AVGF (0.28) was similar to what was previously found by Santus 

and Bagnato (1998). Ilahi and Kadarmideen (2004) estimated AVGF heritabilities in 3 

different breeds, reporting values of 0.44, 0.54, and 0.25 for Brown Swiss, Simmental, and 

Holstein (for this last breed AVGF was measured on a subjective scale), respectively. Low 
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values of heritability (0.17) were estimated in primiparous French Holsteins also by Rupp 

and Boichard (1999) with milking speed subjectively scored by the dairy farmers. Finally, 

even lower estimates of heritability (from 0.03 to 0.098) were reported for AVGF recorded 

electronically in Swiss Holstein using daily random regression methodology for genetic 

parameter estimation (Karacaören et al., 2006). As suggested by Samoré et al. (2009), the 

large variability of results reported in literature suggests that the heritability of AVGF largely 

depends on the method of data collection and on the methodology applied to analyse records 

and that an objective measure would be of great interest in order to guarantee reliability of 

collected data and consequent EBV ranking of individuals. The relationship estimated among 

production, SCS, and milkability traits suggests that selection for increased milk production 

has produced cows that release milk faster, having high MMF and short TP. 

Heritabilities for TUS and UD, the type traits considered, were in agreement with 

those found by Dal Zotto et al., (2007) in the same population, whereas in our analysis, milk 

flow characteristics (MMF, AVGF) were positively correlated with TUS but essentially 

uncorrelated with UD, in contrast to what was found by Ghiroldi et al. (2005).  

TP was correlated negatively with TUS (-0.15) and UD (-0.13). Similarly DT was 

negatively correlated with TUS (-0.20) and UD (-0.25). It is worth mentioning that, based on 

genetic correlations here estimated, selection for actual TUS would result in udders 

producing a larger amount of milk in shorter time. Genetic parameters estimated with a 

single individual recording of flow measure and single control day production data, or 

through the use of complete lactation data, appear overall in agreement. Higher estimates of 

heritability were obtained with 305-d data whereas flow and time parameters remained 

substantially unchanged.  
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Estimates of repeatability 

Estimates of repeatability obtained from a subsample of individuals with multiple 

records are reported in Table 2.6. Repeatabilities were moderate to high, ranging from 0.46 

for TP to 0.61 for MMF. Repeatability for AVGF, the measure currently employed, was of 

0.54. This would therefore suggest that, although the collection of repeated flow measures is 

expected to improve the information precision, the selection performed through a single 

measure of milk flow would already be effective in improving milk flow traits.  

Ratios analysis 

Heritabilities and correlations for R1, R2, R3, TMT, 305-MY, 305-SCS, TUS, and 

UD are reported in Table 7. The three ratios (R1, R2, and R3) attempt to describe a 

simplified milk releasing curve. The objective of this analysis was to verify the possibility of 

selecting for decreased TMT by favoring constant milk release over high maximum flow, 

while still guaranteeing high milk production and lower SCS. 

The ratio of MMF/TMT (R1) had the largest heritability (0.37) and showed a large 

positive genetic correlations with R2 (0.76) and R3 (0.83). R1 was moderately correlated 

(0.11) with 305-SCS, but substantially uncorrelated with MY 305 (-0.004). Although R2 had 

a moderate negative genetic correlation (-0.13) with 305-MY, it showed a stronger positive 

correlation (0.32) with 305-SCS. Ratio R3 was not correlated with 305-SCS (-0.04), while it 

was positively correlated (0.11) with 305-MY. 

Both R2 and R3 showed lower heritabilities than R1 with values of 0.09 and 0.08 

respectively and they were less correlated to each other (0.51) than with R1 (Table 7). These 

results, indicate that the use of flow and time data directly or combined into ratios would lead 

in both cases to the construction of an effective milkability index. 
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Milkability and selection 

Results on selection response predicted from the inclusion of different milkability 

measures in a milkability index are presented as correlated responses for 305-MY, 305-SCS, 

TUS, and TMT and expressed in unit changes of SD (Figure 2). When emphasis was placed 

only on AVGF (Figure 1, panel A) we observed a large reduction in TMT (-3.9 SD) but a 

correlated increase of 305-SCS (0.48 SD). On the other hand, when different weights were 

assigned to all measures of flow and time with the objective of reducing TMT while 

maintaining milk yield and reducing SCS (Figure 1, panel B), we observed a smaller 

response in TMT (-0.09 SD) but a significant reduction in SCS (-1.52 SD). A similar pattern 

was observed when using an index of ratios (Figure 1, panel C). The selection response 

predicted was in this case greater for TMT (-1.44 SD), with a corresponding reduction, albeit 

slightly smaller, for 305-SCS (-0.72 SD). 

It is interesting to note that with both selection indexes a larger increase in total udder 

score was obtained compared to the use of AVGF alone. This suggests that milkability is not 

only a reflection of milking time, but a more complex trait that can affect animal health, 

production and type. 

CONCLUSIONS 

 

The results of this study show that it is possible to use information collected through 

portable flow meters to improve milkability traits in the Italian Brown Swiss population. 

Different studies have estimated milk release parameters in lactating cows. Most of these 

studies have relied on small datasets collected for a relatively low number of individuals. In 

this study a large sample representative of the overall Italian Brown Swiss population was 

presented. Milk-release characteristics of each cow can be summarized by few heritable 
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aggregated variables. The use of a set of variables, describing the overall patterns of milk 

removal, represents an effective and advantageous selection strategy over the use of a single 

variable such as average flow. An improved selection strategy including milkability traits, as 

outlined in the paper, should lower management costs, improve udder health, and 

consequently decrease veterinary costs associated with udder infection through the indirect 

favourable selection response predicted for SCS and total udder score. The association 

between udder infection and milkability traits was here estimated through the indicator of 

SCS while further studies should focus directly on the relationships between milk emission 

measures and clinical mastitis. 

In this study genetic parameters were estimated from a single measure of milk flow 

over the lactation. The availability of repeated measures of milk flow would improve the 

accuracy of selection; nonetheless repeatability results from this research obtained on a 

reduced sample of individuals support the possibility of genetic selection for milk flow traits 

even with a single measure over the lactation with favorable indirect effect on SCS and udder 

traits in the Italian Brown Swiss population.  
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Table 2.1 Number of observations for the different analyses 

Variable Obs. Single Control  Obs. 305-d
*
 

Total observations 37,213 30,952 

Total first lactations 12,350 10,513 

Total herds 1,661 1,496 

Total sires 2,361 2,107 

Total dams 30,231 25,844 

Dams with offspring in the 

dataset 

7,790 5,831 

 
* 
305-d data available for use in analyses of flows and ratios.   
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Table 2.2 Descriptive statistics 

Variable Min. Max. Mean SD 

AFC (mo) 19.07 45.50 30.67 ± 6.25 

DIM 5.00 365.00 159.20 ± 98.30 

TD-MY 5.01 37.81 11.85 ± 3.62 

305-MY 2,379 16,860 7,527 ± 1,712 

MMF (kg/min.) 0.780 11.31 3.21 ± 1.00 

AVGF (kg/min.) 0.31 7.49 2.10 ± 0.63 

TMT (mm.ss) 2.17 25.12 8.36 ± 2.88  

TP (mm.ss) 0.03 15.44 2.21 ± 1.67 

DT (mm.ss) 0.09 23.15 2.68 ± 1.49 

TUS 65.00 92.00 80.47 ± 4.00 

UD 1.00 50.00 27.60 ± 7.27 

 

AFC = Age at First Calving in Months; DIM = Days in Milk; TD-MY = Milk Yield; 305-

MY = Milk Yield at 305 days; MMF = Maximum Milk Flow; AVGF = Average Milk Flow; 

TMT = Total Milking Time; TP = Time of Plateau; DT = Decreasing Time; TUS = Total 

Udder Score; UD = Udder Depth.
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Table 2.3 Effect of data editing on EBV estimation. Rank correlations for a subset including 

the top 150 sires for the five flow traits with data subjected to different editing rules 

  N (None) (AVGF) (MMF) (TP) (DT) (All) 

MMF 

(TMT) 41967 96 93 94 94 93 89 

(AVGF) 41301   92 91 93 91 

(MMF) 42705    93 94 89 

(TP) 41678     92 89 

(DT) 40635      88 

AVGF 

(TMT) 41967 95 94 93 91 92 87 

(AVGF) 41301   93 92 93 90 

(MMF) 42705    91 93 91 

(TP) 41678     95 90 

(DT) 40635      91 

TP 

(TMT) 41967 96 93 95 93 94 91 

(AVGF) 41301   93 95 92 90 

(MMF) 42705    91 96 91 

(TP) 41678     95 90 

(DT) 40635      92 

DT 

(TMT) 41967 97 94 92 92 93 89 

(AVGF) 41301   93 94 91 90 

(MMF) 42705    93 95 88 

(TP) 41678     93 89 

(DT) 40635      87 

TMT 

(TMT) 41967 96 94 92 96 96 88 

(AVGF) 41301   93 95 92 87 

(MMF) 42705    91 96 89 

(TP) 41678     95 89 

(DT) 40635      91 
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Within parentheses are the editing criteria: (None) all editing criteria retained, (TMT) = 

criterion on total time relaxed; (AVGF) = criterion on average flow relaxed; (MMF) = 

criterion on maximum flow relaxed; (TP) = criterion on time at plateau relaxed; (DT) = 

criterion on decreasing time relaxed. Outside parentheses are the traits in the analyses: 

MMF= Maximum Milk Flow; AVGF= Average Milk Flow; TP= Time of Plateau; DT= 

Decreasing Time; TMT= Total milking time.Column N represents the individuals entered in 

each analysis. 
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Table 2.4 Heritabilities (on diagonal), genetic (above diagonal) and phenotypic correlations 

(below diagonal) for the single control analysis 

 TD-MY TD-SCS MMF AVGF TP DT TMT 

TD-MY 0.12 0.11 -0.04 0.03 0.31 0.24 0.35 

TD-SCS -0.11 0.14 0.21 0.12 -0.21 0.46 0.09 

MMF 0.21 0.08 0.40 0.96 -0.91 -0.43 -0.86 

AVGF 0.44 -0.01 0.83 0.27 -0.84 -0.58 -0.90 

TP 0.42 -0.22 -0.51 -0.27 0.32 0.33 0.82 

DT 0.27 0.07 -0.08 -0.36 -0.11 0.05 0.74 

TMT 0.32 -0.02 -0.27 -0.32 0.38 0.42 0.11 

TD-MY=Milk Yield; TD-SCS=Somatic Cell Score; MMF= Maximum Milk Flow; 

AVGF=Average Milk Flow; TP=Time of Plateau; DT=Decreasing Time; TMT=Total 

Milking Time. 
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Table 2.5 Heritabilities (on diagonal), genetic (above diagonal) and phenotypic correlations (below diagonal) for the 305-d analysis 

 305-MY 305-SCS MMF AVGF TP DT TMT TUS UD 

305-MY 0.15 0.11 0.12 0.18 0.20 0.17 0.18 0.14 -0.40 

305-SCS -0.01 0.15 0.20 0.06 -0.22 0.37 0.08 0.04 -0.14 

MMF 0.25 0.11 0.41 0.96 -0.93 -0.42 -0.87 0.22 0.04 

AVGF 0.26 0.12 0.81 0.28 -0.83 -0.6 -0.90 0.25 0.04 

TP 0.12 -0.14 -0.54 -0.27 0.31 0.31 0.86 -0.15 -0.13 

DT 0.18 0.11 0.05 -0.36 -0.09 0.06 0.67 -0.20 -0.25 

TMT 0.15 0.04 -0.28 -0.34 0.39 -0.31 0.12 -0.27 -0.24 

TUS 0.24 -0.02 0.14 0.14 -0.01 0.03 -0.02 0.22 0.38 

UD -0.14 -0.01 0.03 0.01 -0.08 -0.05 -0.05 0.29 0.23 

305-MY=Milk Yield at 305 days; 305-SCS=Average Somatic Cell Score; MMF= Maximum Milk Flow; AVGF= Average Milk Flow; 

TP=Time of Plateau; DT=Decreasing Time; TMT=Total Milking Time; TUS= Total Udder Score; UD= Udder Depth. 
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Table 2.6 Repeatability for flow traits obtained through a 305-d analysis with a subsample of 

4,737 cows with multiple observations 

 
 Repeatability 

MMF 0.61 

TP 0.46 

DT 0.47 

AVGF 0.54 

TMT 0.51 
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Table 2.7 Heritabilities (on diagonal), genetic (above diagonal) and phenotypic correlations 

(below diagonal) for the 305-d ratio analysis. 

 305-MY 305-SCS R1 R2 R3 TMT TUS UD 

305-MY 0.15 0.12 -0.004 -0.13 0.11 0.22 0.13 -0.39 

305-SCS -0.02 0.15 0.11 0.32 -0.04 0.05 0.09 -0.18 

R1 0.05 0.10 0.37 0.76 0.83 -0.92 0.21 0.06 

R2 -0.03 0.09 0.28 0.09 0.51 -0.65 0.14 0.04 

R3 -0.04 -0.01 0.43 0.02 0.08 -0.83 0.34 0.16 

TMT -0.21 0.07 -0.55 -0.03 -0.23 0.14 -0.24 -0.21 

TUS 0.22 -0.01 0.12 0.04 0.05 -0.03 0.23 0.37 

UD -0.14 -0.01 0.07 0.04 0.09 -0.04 0.29 0.24 

305-MY=Milk Yield at 305 d; 305-SCS=Somatic Cell Score; R1= Maximum Milk 

Flow/Total milking Time, R2= Maximum Milk Flow/Time of Plateau; R3=Maximum Milk 

Flow /Decreasing Time; TMT= Total Milking time; TUS= Total Udder Score; UD= Udder 

Depth. 
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Figure 2.1 Data editing scheme for flow and time measures. Editing based on production or pedigree is not included 
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Figure 2.2 Correlated response (in units of S.D.) after 5 generations (approximately 30 

years) of milkability selection 

Panel A: Correlated response when selecting for average milk flow. Panel B: Correlated 

response when selecting for flow and time. Panel C: Correlated response when selecting for 

ratios. 

305-MY=Milk Yield at 305 d; 305-SCS=Average Somatic Cell Score; MMF= Maximum Milk 

Flow; AVGF= Average Milk Flow; TP= Time of Plateau; DT= Decreasing Time; TMT= Total 

milking Time; TUS= Total Udder Score; R1= MMF/TMT, R2=MMF/TP; R3=MMF/DT.  
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Chapter 3  

 A Genome Wide Association Study for Measures of Milk Flow in 

the Italian Brown Swiss Dairy Cattle Population 
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ABSTRACT 

 

The objective of this study was to identify quantitative trait loci associated with milk 

flow traits, electronically measured on the Italian Brown Swiss population. Data were 

available from 37,213 cows over a period of 12 years (1997 – 2008). Milk flow records 

including total milking time (TMT), ascending time (AT), time of plateau (TP), decreasing 

time (DT), maximum milk flow (MMF), and average flow (AVGF) were recorded for each 

individual. Breeding values were estimated for all milk flow traits after adjusting for parity, 

herd, days in milk, age at first calving and year-month of test. Sires (n = 1351) of cows with 

milk flow information were genotyped for 33,074 markers distributed across 29 bos taurus 

autosomes (BTA). A Bayesian LASSO analysis was then employed for each of the milk traits 

resulting in 6,929 – 14,585 significant single nucleotide polymorphisms (SNPs) marker 

effects identified for each trait across all 29 bos Taurus autosomes. Among the traits 

evaluated, maximum milk flow had the most markers with large effects that were shared with 

the other milk flow measures. Unique, significant marker effects were found for each of the 6 

traits providing evidence that each individual milk flow trait offers distinct genetic 

information about milk flow. Furthermore a number of quantitative trait loci associated with 

milk yield, somatic cell count, somatic cell score, milking speed and udder morphometrics 

were co-located with significant markers identified in this study. Greater understanding of the 

overall milking pattern will aid in identification of cows with lower management costs and 

have improved udder health. 

Key Words: Milk Flow, GWAS, Milkability 
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INTRODUCTION 

 

In dairy cattle, traits influencing efficiency of production can be characterized as 

production or functional traits. Traits characterized as functional, increase efficiency by 

reducing costs of inputs. Milkability, health, fertility, feed efficiency and calving ease all 

belong to this group of functional, cost-saving traits (Groen et al., 1997). 

Milkability is a complex trait that is most often characterized by average milk flow 

rate (AVGF), maximum milk flow rate (MMF) and milking time (TMT) (Gade et al., 2006, 

Gray et al., 2011).By improving milkability, management costs of milking decrease through 

reduced labor and improved efficiency of the automatic milking system (Groen et al., 1997), 

which has been identified to be an important factor affecting  net profit (Meyer and Burnside, 

1987). 

Milkability has long been recognized as an economically important trait that can be 

improved through selection (Bruckmaier et al., 1995, Miller et al., 1976). In 2005, the Italian 

Brown Breeders Association (ANARB) made an update to their selection index (ITE) to 

include milking speed measured as AVGF. However, milking speed is unfavorably correlated 

with other economically important traits, particularly somatic cell score (SCS,       ) and 

protein percentage (       ) (Ghiroldi et al., 2005).Therefore with the inclusion of 

milking speed in the index SCS was introduced into the index with a slightly negative weight 

while the weight for protein percentage was increased (Ghiroldi et al., 2005). 

Gray et al. (2011) concluded that a combination of milk flow parameters describing 

the overall patterns of milk removal would be an advantageous selection strategy for 

improved milkability, when compared to use of a single variable such as AVGF. Traits 
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previously shown to be unfavorably correlated with milking speed (SCS, udder score) could 

respond favorably to selection by including both milking flow and milking time measures in a 

sub-index with appropriate weights (Gray et al., 2011) 

By taking advantage of advances in molecular genetic and bioinformatics tools an 

increased understanding of milk flow traits on a molecular level can be achieved. 

Development of dense SNP marker panels has provided an opportunity to perform genome 

wide association studies (GWAS) to determine biological differences that exist in an animal’s 

genetic makeup (Matukumalli et al., 2009).  

Molecular genetic markers that are associated with phenotypic variation of complex 

traits, provide information that may be utilized through marker assisted selection (Dekkers, 

2004) or genomic selection (Goddard and Hayes, 2009). Using information available from 

markers in selection can increase the accuracy and efficiency of a breeding program when 

compared to traditional breeding schemes (VanRaden et al., 2009).  

Only a few quantitative trait loci (QTL) have previously been associated with 

milkability traits, namely milking speed measured on a subjective scale (Hiendleder et al., 

2003, Schrooten et al., 2004). These milking speed markers potentially explain only a 

fraction of the genetic variance associated with milk flow traits. It is expected that there are 

more QTL associated with milkability traits in the Italian Brown population that have not 

been identified.  

The aim of this study was to identify genomic regions harboring QTL associated with 

milk flow traits namely total milking time (TMT), ascending time (AT), time at plateau (TP), 

descending time (DT), maximum milk flow (MMF) and average milk flow (AVGF) by 

GWAS using a dense SNP panel.  
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MATERIALS AND METHODS 

 

Data for this study were provided by ANARB and included information spanning a 12 

year period (1997 to 2008).  

Description of traits and animals 

The dataset included 37,213 cows, from 2,361 sires and 30,231 dams with pedigree 

information spanning 7 generations. Milking release was measured once for each cow using a 

portable milk flow recorder (LactoCorder, WMB AG, Balgach, Switzerland). Milk flow 

characteristics were detected every 0.7 s and saved at intervals of 2.8 s. Milk flow was 

divided into six phases: 1) ascending time (AT), period spanning milk flow greater than 0.5 

kg/min until time of plateau (TP); 2) TP, period of steady milk flow; 3) decreasing time (DT), 

period from the end of TP until milk flow below 0.2 kg/min; 4) overmilking time, period 

between milk flow below 0.2 kg/min and group removal; 5) stripping time, period at end of 

milking, with milk flow greater than 0.2 kg/min and lasting for at least 4.2 s; and 6) 

overmilking time after stripping, period after stripping between a milk flow below 0.2 kg/min 

and the group removal after stripping time (Figure 1). The overall sum of all the periods 

corresponds to total milking time (TMT). Additionally, maximum milk flow (MMF) was 

recorded as the maximum flow preceding TP. The six traits investigated in this study were: 

total milking time (TMT), ascending time (AT), time of plateau (TP), descending time (DT), 

maximum milk flow (MMF) and average flow (AVGF). A complete description of editing 

and collection procedures for these traits can be found in Gray et al. (2011). 

Out of the 2,361 sires, 931 sires were genotyped from the Italian Brown Swiss 

population with an average of 28 ± 2.6 daughters in the data set. In addition, another 420 

bulls that had relationship ties with the cows were genotyped resulting in a total of 1,351 
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genotyped bulls. Breeding values for the genotyped bulls were estimated using a 6-trait 

animal model similar to the model described in Gray et al. (2011).They were then 

deregressed free from parental averages and adjusted for the number of daughters 

contributing to the breeding value (Garrick et al., 2009). 

SNP markers 

Bulls were genotyped using the Illumina Bovine SNP50 BeadChip (Matukumalli et 

al., 2009). After quality checking the data 33,074 SNPs spanning 29 bovine autosomes 

remained for the analysis (Table 3.1). Markers with call rate < .90, minor allele frequency 

(MAF) < .05 and markers violating Hardy Weinberg equilibrium test, were discarded from 

the analysis. The average number of SNPs per chromosome was 1,140.  

After obtaining the edited SNP panel, markers within coding regions were recorded, 

in an effort to identify the proportion of significant markers that may be possible functional 

mutations within a gene already known. Coding regions were identified by sections within 

the genome labeled as transcripts from a public database available at BovineGenome.org. 

Regions labeled as transcripts were considered the region of choice because it included both 

genes and regulatory regions (± ~500 kb) from the gene. 

Statistical Analysis 

SNP association tests 

 Shrinkage is often employed in QTL mapping when models are oversaturated (Yi 

and Xu, 2008). Different procedures are common. In the Bayesian-LASSO a double 

exponential prior is assigned to SNP variances (de Los Campos et al., 2009). Alternatively, 

inverted χ
2
 priors can be used (Cleveland et al., 2010b). In this study GWAS was performed 

using regression through Bayesian LASSO. 
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The general model employed in the analysis had form: 

                 

Where y represents the pseudo-phenotype,   represents a general constant;    is the 

effect of the ith sire with SNP genotype    (0, 1, and 2);   represents the regression coefficient 

for the SNP and     is the random residual for each observation. A random polygenic effect 

for the sires was fitted to prevent spurious associations due to population structure and had 

variance (Gσ
2

s) with G representing the realized relationship matrix among the sires. A Gibbs 

sampling algorithm for all traits was implemented in R (R Development core Team 2009).For 

each analysis a single chain of 100,000 iterations was run with a burn-in period of 30,000 

iterations. Although values for the lambda shrinkage parameter can be sampled within each 

chain from their gamma prior distribution, in the final analysis we fixed the values of lambda 

based on the average of 5 shorter exploratory chains which were run for each trait (50,000 

iterations). For all traits values of the  parameters were similar ranging from 21 for TMT, to 

37 for AT. 

For all analyses, thinning was applied and samples were stored every 30 iterations. 

Convergence of each chain was assessed both by visual inspection of the trace and the use of 

estimates of effective sample size for variances obtained through the coda package in R 

(Plummer et al., 2006). Inferences on the parameters were made from the mean of the 

posterior samples after burn-in.  

Significance  

Shrinkage mapping is an efficient tool for whole genomic evaluations due to its 

scalability to large sets of markers, when compared to interval mapping LA (Jansen, 1993) or 



 

 

 

 

73 

 

LDLA analyses (Farnir et al., 2002, Zhao et al., 2007). In most Bayesian shrinkage analyses 

no explicit model selection is performed and the equivalent result is obtained implicitly 

through the shrinkage process. As a result in most cases detection of QTL is performed by 

visual inspection of the resulting Manhattan plot. Alternative and more formal methods of 

testing marker significance can be used as for example a posterior likelihood ratio test for the 

model with and without a particular marker included (Maltecca et al., 2011). In the current 

study a permutation within chain was employed as proposed by Che and Xu (2010).Briefly, 

in their permutation strategy, at every h iteration of the current Markov chain the data is 

shuffled, where 1 < h < L with L being the length of the Markov Chain. For h =L permutation 

is equivalent to across chain permutation, while h=1 implies permutation in each iteration. 

The reshuffled chain then provides the 0.25  x 100% and the (1-0.25 ) x100% percentiles 

used as critical values for the analysis (Che and Xu, 2010).  

The within chain permutation is a strategy to obtain the posterior of the markers effect 

(regression coefficients) under the null model. While conceptually the method is no different 

from across chain permutation, the number of chains needed for the analysis is reduced to 

two.  

RESULTS AND DISCUSSION 

Significant SNPs 

Table 3.2 summarizes the estimated deregressed breeding values and reliabilities for 

all milk flow traits assessed in this study.  

A model where all SNP effects were included simultaneously was employed. There 

were a range of 6,929 to 14,585 markers that were significantly different from 0 for each milk 

flow trait identified across all 29 bos taurus autosomes (BTA). Markers were considered 
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significant when they were outside the mean 95% confidence interval that was obtained from 

each individual marker (Figure 2). 

One hundred markers with the largest absolute effects after shrinkage, within each 

trait, were selected for further investigation and comparison. Many markers with the largest 

effects were either shared across traits or were within close proximity. Markers that were 

close (within 20 markers apart) were considered to be within a single region. The largest 

region was 7.0 MB wide. Table 3.3 identifies regions within QTL of interest, reporting the 

largest absolute effect within each region, emphasizing the 10 largest marker effects for each 

traits as well as including names and locations of the SNP within the chromosome.  

Among all of the QTL that have previously been identified within bovine only a few 

were considered to be of interest in this study. The QTL identified as the most analogous to 

milk flow traits assessed in this study and considered to be of most importance was milking 

speed (MSPD) measured on a subjective scale. There are a total of 14 MSPD QTL across 12 

BTA identified within Holstein, Normande, Montbeliarde and Finnish Ayrshire dairy cows. 

To date there are no MSPD QTL identified for Brown Swiss.  

Udder morphometric traits (UT) (teat placement (TPL), udder attachment (UA), udder 

cleft (UC), udder composite index (UCI), udder depth (UDPTH), udder height (UHT) and 

udder width (UWDT)) were also of interest. It is understood that milk flow may be highly 

influenced by size, shape and overall confirmation of the udder (Robert and McDaniel, 1979).  

Reduced milking performance has been recognized to be associated with larger or slacker 

teats and may be influential in change of milking speed and time (Grindal and Hillerton, 

1991).  
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Other QTL of interest were mammary health indicator traits (clinical mastitis (CM), 

somatic cell count (SCC) and somatic cell score (SCS)). Bacterial invasion of the mammary 

gland occurs through the teat canal and it has been shown that cows with high MMF rates 

have larger teat canals (Appleman, 1970). Although it has been shown that there is a 

relationship with SCS and SCC and milk flow traits (Gray et al., 2011) it is uncertain how 

changes in milk flow influences incidences of clinical mastitis, therefore all three mammary 

health indicators were of interest.  

There is also an unfavorable relationship between production traits (i.e. MY and 

MY305) thus QTL for these traits could possibly be important in identifying markers found 

to be significant for milk flow traits. .Due to numerous milk yield QTL (MY, MY305) that 

have been previously identified across the entire bovine genome across many breeds, only 

MY QTL previously identified within Brown Swiss were investigated. 

Ascending time (AT) 

There were 9,425 SNP marker effects that were significantly different from 0 (P < 

0.05). Markers with the largest effect (n = 100) were examined closer indicating that there 

were 44 distinct regions across all autosomes that were within QTL of interest. There were 

four regions that were within QTL previously identified to be associated with MSPD. Among 

these regions, there were 4 within a QTL region previously identified for change in MSPD in 

Holstein, French dairy cattle (Holstein, Normande and Montbeliarde) and Finnish Ayershire. 

These QTL were located within BTA7 (35.9 – 106 Mb) (Schrooten et al., 2004), BTA8 (20.0 

- 55.1 Mb) (Boichard et al., 2003), BTA23 (19.4-28.0 Mb) (Elo et al., 1999) and BTA4 (57.0 

– 75.3 Mb) (Schrooten et al., 2004).The greatest marker effect (0.001 min) for AT 

(Hapmap38595-BTA-36915, 44.2 Mb) was located within a region on BTA15 (39.4 – 44.2 
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Mb) co-located within UA, UDPTH (40.1 – 47.9 Mb) (Ashwell et al., 2004) and SCS (39.1 – 

41.1 Mb) (Rupp and Boichard, 2003) QTL.  

It was also observed that among the 10 largest effects that 7 of them were associated 

with SCS, SCC or CM (Table 3.3). 

Time at Plateau (TP) 

Time at plateau (TP) had the least number of effects that were significantly different 

from 0 (P < 0.05) at 6,929 markers across the entire genome. Among the 100 largest effects 

for TP there were 50 regions that were within QTL previously identified for traits associated 

with milking speed. Two regions were within MSPD QTL for French dairy cattle and 

Holstein on BTA6 (99.2 – 113 Mb) (Boichard et al., 2003) and BTA23 (19.4-28.0 Mb) (Elo 

et al., 1999) , respectively. 

The largest marker effect (0.003 min) was located on BTA25 (ARS-BFGL-NGS-

114447, 40.8 Mb) and was within SCS, UHT, UC (39.1 – 41.1Mb) and MY (32.9 – 43.9 Mb) 

(Harder et al., 2006, Schrooten et al., 2004) QTL. 

Descending Time (DT) 

Descending time (DT) had 13,590 markers significantly different from 0 (P < 0.05). 

Among the 100 markers with largest effects there were 44 regions that were within QTL of 

interest. Descending time had the largest number of regions within MSPD QTL. Three 

regions were within the MSPD QTL reported to be on BTA7 (35.9 – 106 Mb) (Schrooten et 

al., 2004) and another three regions were within MSPD QTL on BTA4 (57.0 – 75.3 Mb) 

(Schrooten et al., 2004), BTA19 (51.5 – 53.5 Mb) (Boichard et al., 2003) and BTA23 (19.4-

28.0 Mb) (Elo et al., 1999) reported in French dairy cattle and Holsteins. The largest effect 
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for DT (0.011 min) was the same marker that was largest for TMT (Hapmap27408, 42.5 Mb) 

described previously. 

Total Milking Time (TMT) 

Total milking time is essentially a combination of AT, TP and DT.  There were 

11,612 markers across all 29 BTA with predicted effects that were significantly different 

from 0 (P < 0.05) for TMT. Among the 100 markers with the greatest effect, there were 47 

distinct regions consisting of at least one marker that were within a QTL of interest. Among 

these regions, there were 3 within a QTL region previously identified for change in MSPD in 

Holstein, French dairy cattle and Finnish Ayershire. These QTL were among the same QTL 

that were identified for the other milking time traits located within BTA7 (35.9 – 106 Mb) 

(Schrooten et al., 2004), BTA8 (20.0 - 55.1 Mb) (Boichard et al., 2003) and BTA23 (19.4-

28.0 Mb) (Elo et al., 1999). The marker with the largest effect (0.014 min) was on BTA6 

(Hapmap27408, 42.5 Mb) and was within 2 different QTL identified in Finnish Ayershire 

dairy cattle including PP and MY (26.7 - 44.2 Mb) (Viitala et al., 2003) as well as 4 QTL 

identified in Holstein-Fresian including CM (26.7 – 65.9 Mb) (Klungland et al., 2001) SCS 

(41.4 – 43.4 Mb) (Daetwyler et al., 2008), UA and TPL (34.6 – 44.2 Mb)(Schrooten et al., 

2004). 

Maximum Milk Flow (MMF) 

Maximum milk flow (MMF) had the most significant SNPs (P < 0.05) of 

14,585.There were 44 regions identified harboring 100 of the largest markers for MMF that 

co-located within QTL of interest. Three of these regions were within MSPD QTL on BTA4 

(57.0 – 75.3 Mb) (Schrooten et al., 2004),BTA7 (35.9 – 106 Mb) (Schrooten et al., 2004) and 
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BTA23 (19.4-28.0 Mb) (Elo et al., 1999). The largest absolute effect (0.011 kg/min) was 

identified on BTA6 (Hapmap27408-BTA-143963, 42.5 Mb) similarly to TMT and DT. 

Average Milk Flow (AVGF) 

Average milk flow (AVGF) had 14,178 significant markers across the entire genome. 

Among the 100 markers with largest effects for AVGF there were 47 regions within QTL of 

interest. These regions were within the two MSPD QTL on BTA7 (35.9 – 106 Mb) 

(Schrooten et al., 2004) and BTA23 (19.4-28.0 Mb) (Elo et al., 1999).The marker with the 

largest effect (0.006 kg/min) was also the same marker identified as having the largest effect 

for TMT, DT and MMF.  

Common Markers among Milk Flow Traits 

Total milking time (TMT) is primarily the sum of AT, TP and DT (Figure 1), 

therefore it was expected that a majority of markers with the largest effects associated with 

TMT would also be among the largest SNPs associated with the other milk flow traits. 

Among the regions harboring 100 of the largest SNP effects for TMT within QTL previously 

identified, only 4 regions were not shared with one of the other milking flow traits assessed in 

this study (Table 3.3). Similarly MMF only had one region that was not shared with any of 

the other traits. There was an expectation that a majority of the regions with large effects 

identified for MMF would be in common with other milk flow traits due to its strong 

correlation with AVGF, TP and TMT (0.96, -0.91, -0.86, respectively) (Gray et al., 2011). 

The trait with the most unique regions harboring 100 of the largest SNP effects within QTL 

previously identified was TP. There were 50 regions identified and 25 regions were 

independent from the other traits.  
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As mentioned above the largest effect for TMT, DT, MMF and AVGF was a single 

marker (Hapmap27408, 42.5 Mb) on BTA6 which was within QTL rich region for PP and 

MY (26.7 - 44.2 Mb) (Viitala et al., 2003) as well as 4 QTL for CM (26.7 – 65.9 Mb) 

(Klungland et al., 2001) SCS (41.4 – 43.4 Mb) (Daetwyler et al., 2008), UA and TPL (34.6 – 

44.2 Mb)(Schrooten et al., 2004). Although this marker was not the largest effect for AT and 

TP it was within the top 40 largest effects. Further investigation within a 5 Mb region of this 

marker revealed no annotated gene that has been identified to influence milk flow.  

While there were many common SNPs identified among the 100 largest SNP effects 

for each of the traits, additional SNPs were identified as unique markers for each of the milk 

flow traits with TP having the most unique markers. This indicates that while most of the 

milk flow traits show a medium to large genetic correlation (Gray et al., 2011) there are 

regions in the genome that are uniquely associated with each trait. By including each flow 

trait in genetic evaluations, these unique regions of the genome could help influence the 

overall milking performance of the herd. 

A large number of QTL associated with MY, SCC, SCS, milking speed and udder 

morphometric measurements, were all associated with milk flow, indicating that milking time 

is a complex trait that either incorporates many factors, influences several other traits or a 

combination of both. Although associations between milking speed, SCS, and clinical 

mastitis incidence has been somewhat controversial, it is generally accepted that fast milking 

whether measured subjectively (Boettcher et al., 1998, Lund et al., 1994) or electronically 

(Samore et al., 2008, Zwald et al., 2005) is associated with higher levels of SCS. One 

possible explanation for this biological correlation could be the result of increased teat 

sphincter diameter (Boettcher et al., 1998). This could result in an increase in milk flow and 
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subsequently allow more pathogens to enter the mammary causing more incidence of 

infection of the udder. 

Finding markers within QTL associated with udder morphometric traits was expected. 

It has been reported that udder morphometric traits including increased udder size and teat 

size tend to negatively influence the efficiency of the milking machine therefore increasing 

the amount of time it takes to milk (Robert and McDaniel, 1979, White and Vinson, 1975). 

Direct selection has never been implemented for milk flow within the population 

studied although it is acknowledged that it is possible that indirect selection has influenced 

these traits due to genetic correlations that exist between milk flow and some production 

traits. Therefore, it is recognized that since selection has not occurred directly for these traits 

that identification of genes or QTL linked to the markers used in the study are less likely to 

have strong associations with regions directly associated with milk flow. Increasing the 

number of animals in the study coupled with a denser map would be advantageous in 

discovering regions of interest that may be in enhanced linkage or simply have a larger 

significant effect with the markers used. 

Complexity of Milk Flow Traits 

Certain traits within dairy cattle, such as milk-fat composition, are highly influenced 

by 1 or 2 genes that explain a relatively large proportion of the genetic variance (Schennink et 

al., 2007). In an effort to evaluate the complexity of these six milk flow traits, and to identify 

the approximate number of markers with largest effects that are necessary to predict genomic 

breeding values in strong correlation with the best estimate of the true breeding value 

(expected breeding value, EBV), the following approach was implemented and reported in 

Figure 3.  
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Genotyped sires were partitioned based on their EBV reliabilities into a discovery set 

(EBV reliability > 0.60) and a prediction set (EBV reliability < 0.60) (Table 3.4). De-

regressed breeding values for sires within the discovery set were utilized in obtaining marker 

effects. Marker effects were then summed across all SNPs for each sire within the prediction 

data set which is analogous to obtaining a breeding value that can be estimated using 

genotypic information alone referred to as the genomic breeding value (GEBV). Since the 

true breeding value is unknown the best estimate for the true breeding value or EBV was used 

as the standard for comparison.  

Correlations were estimated between the EBV and GEBV for each of the traits within 

the prediction set to demonstrate the association between breeding values obtained from 

marker effects and the best estimate of the true breeding values (Figure 3a). Figure 3a is a 

chart depicting Pearson correlations between predicted bull EBVs using a 6-trait animal 

model and the GEBV obtained from all markers available for sires within the prediction set. 

These correlations ranged from 0.65 to 0.73.  

Markers within each milk flow trait were sorted based on their absolute effect for the 

given trait of interest. A number of markers with large effects ranging from 25 to 10,000 were 

isolated from the complete panel. Genomic breeding values were obtained from these subsets 

of markers to compare with the EBVs.  

Figure 3b depicts the amount of influence subsets of markers with largest effects have 

on milk flow traits. Each line depicts the correlation coefficient from EBVs predicted from 

phenotypic data and GEBVs predicted from subsets of markers from 25, 50, 300, 3,000 and 

10,000 of the largest SNP effects for each of the milk flow traits. This figure illustrates that 

the correlation coefficient between EBVs and GEBV predicted from 25 markers ranged from 
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0.13 to 0.33 which explains between 19% to 46% of the correlation illustrated in Figure 3a. 

There appeared to be two traits, AT and DT, that were able to explain twice as much of the 

proportion of the correlation coefficient from figure 3a than, TMT, TP, MMF and AVGF, 

given only 25 markers to estimate breeding values. It is possible that this large proportion 

explained may be a result of the markers capturing QTL with large effects, however, that is 

unlikely due to the low heritability that was estimated for these traits. The large proportion of 

the correlation explained within AT and DT is most likely a result of poor estimates of the 

breeding values. Because these traits have a low heritability it is much more difficult to 

obtain reliable breeding values. There were fewer animals within the training data set which 

could possibly introduce more bias associated with founder effects or some effect associated 

with the population structure within this study resulting in poor estimates of marker effects. 

Nonetheless, among the other traits with moderate heritabilities, breeding values obtained 

from 25 markers explained approximately one-fifth of the correlation coefficient from figure 

3a indicating that there are markers capturing QTL effects that are either influenced or are 

being influenced by milk flow. 

As depicted in figure 3b, increasing the number of markers from 25 to 3000 increased 

the correlations on average of 0.45. Figure 3b also illustrates that correlations between EBVs 

and GEBVs predicted from more than 3000 markers begin to plateau revealing that there is a 

non-linear relationship between correlations of EBV and GEBV estimated from differing 

number of markers. This offers further evidence that there are some QTL, albeit with small 

effects, that either influences or is influenced by milk flow.  

There were a total of 9,844 markers that were located within a coding region. The 

average number of significant markers within a coding region was 3,553 or approximately 
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30% of significant markers were within a coding region (Table 2.5).In an attempt to quantify 

how much impact significant markers within coding regions had compared to significant 

markers in non-coding regions, breeding values were predicted from significant marker 

effects within coding regions (EBVgene), and from all significant markers (EBVsig). The 

median proportion of breeding values predicted from EBVgene  and EBVsig were computed and 

reported in Table 3.5. It is interesting to note that TP was the only trait that had markers 

within coding regions that explained a larger proportion of the breeding value than markers 

within non-coding regions. Among the milking time traits (TMT, AT, TP and DT) TP had the 

largest heritability which could explain the dramatic difference from the other traits. 

However, both MMF and AVGF have moderate heritabilities as well and the increased 

median proportion was not observed. Upon further investigation 20 of the largest markers for 

each trait within coding regions did not appear to contain genes that could influence or be 

influenced by milk flow. 

CONCLUSIONS 

 

In this study we have identified significant markers across six milk flow traits. There 

was an average of 11,720 significant markers found within milk flow traits assessed with a 

majority of markers having a small effect. These traits should be considered polygenic; 

however, we were able to collocate 10 regions with largest effects to 7 QTL previously 

identified for milking speed. Each trait had significant markers that were associated with MY 

and udder confirmation QTL. Phenotypic and genetic relationships between milking speed 

and mastitis, or its indicator traits, have been controversial, among the largest marker effects 

for each of the milk flow traits, there was an association with udder health QTL (SCC, SCS, 
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or clinical mastitis) and milking speed QTL. Other significant regions for each of the traits 

were also identified but did not appear to be near any previously associated QTL or annotated 

gene requiring additional investigation to determine if these regions capture additional 

information that would be beneficial in understanding the biological mechanisms involved in 

milk flow. 

Genetic improvement of milk flow using genomic tools has yet to be implemented. 

Whole genome selection methods should be considered as an alternative to using only a 

single trait or even subset of significant markers. This study verified that milk flow traits are 

complex and by including all information available from a SNP marker panel for all 6 milk 

flow traits in a selection index, milk flow pattern is taken into account on a genomic level, 

therefore it can be more advantageous in improving selection strategy. Incorporating all traits 

should decrease milk time while controlling for milk yield as well as control for clinical 

mastitis and its indicator traits of SCC and SCS and also other traits associated with udder 

size through indirect correlated response to selection in Italian Brown Swiss.  
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Table 3.1 Number of markers per chromosome 

BTA Number of Markers 

1 2184 

2 1784 

3 1659 

4 1603 

5 1310 

6 1476 

7 1477 

8 1597 

9 1335 

10 1405 

11 1363 

12 1066 

13 1150 

14 1168 

15 1083 

16 1027 

17 1042 

18 871 

19 898 

20 1029 

21 906 

22 833 

23 738 

24 807 

25 671 

26 685 

27 607 

28 628 

29 672 

Total 33 074 
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Table 3.2 Summary of heritabilities, reliabilities of Estimated Breeding Values and Deregressed 

Breeding Values 

  

  
Reliability of EBV 

Deregressed  

Breeding Values 

  
mean min max mean min max 

TMT (min) 0.11 ± 0.009 0.55 0.00 0.98 0.012 -33.260 9.381 

AT (min) 0.02 ± 0.006 0.46 0.00 0.90 0.006 -0.925 5.820 

TP (min) 0.32 ± 0.016 0.59 0.00 0.99 0.008 -33.620 9.485 

DT (min) 0.05 ± 0.007 0.38 0.00 0.94 -0.042 -60.190 7.369 

MMF (kg/min) 0.42 ± 0.016 0.60 0.00 0.99 0.070 -6.530 23.290 

AVGF (kg/min) 0.29 ± 0.014 0.58 0.00 0.99 0.039 -4.070 11.170 

TMT – Total Milking Time; AT – Ascending Time; TP – Time of Plateau; DT – Descending Time; 

MMF – Maximum Milk Flow; AVGF – Average Milk Flow; EBV – Estimated Breeding Value 
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Table 3.3 Largest Marker Effects for Milk flow Traits within QTL previously identified. 

Chr 
Region Largest Marker Effect within each region 

Previously identified QTL 
Begin End TMT (min) AT (min) TP (min) DT (min) MMF (kg/min) AVGF (kg/min) 

1 57.9 
 

  
 

1.88E-03 
  

  MY 

1 122.5 124.2 8.30E-03 
 

1.83E-03 1.00E-02 6.39E-03 4.34E-03 MY  

1 135.1 135.1 7.81E-03 
 

1.92E-03 
  

  TPL UC  

2 5.3 
 

7.91E-03 
 

1.82E-03 
  

  UDPTH  

2 20.6 
 

  
 

2.19E-03 
  

  PP MY TPL UDPTH 

2 29.5 
 

  
 

2.19E-03 
  

  MY TPL UDPTH  

2 31.7 
 

  
 

1.77E-03 
  

  MY TPL TLGTH UDPTH 

2 57.4 
 

  
  

9.43E-03 5.59E-03   MY UDPTH  

2 114.3 
 

  4.79E-04 
   

  MY UDPTH  

2 130.2 133.2 7.50E-03 4.61E-04 1.69E-03 8.86E-03 6.25E-03 3.02E-03 UDPTH  

3 8.9 13.7   4.88E-04 1.80E-03 8.68E-03 5.62E-03   PP MY SCC  

3 31.3 36.8 7.75E-03 
 

1.92E-03 
  

2.94E-03 PP MY SCC  

3 105 
 

  5.51E-04 
   

  MY CM  

3 112.1 112.7 7.15E-03 4.69E-04 2.29E-03 8.77E-03 
 

  CM  

4 6.2 
 

  
  

1.11E-02 5.92E-03   MY SCC  

4 34.1 36.5 7.65E-03 4.74E-04 
 

8.49E-03 
 

3.04E-03 SCS  

4 70.7 70.9   5.41E-04 
 

9.62E-03 6.10E-03   TLGTH MSPD  

4 115.9 117.6 8.46E-03 
  

1.29E-02 7.90E-03 3.90E-03 SCC  

5 27.8 30.6 9.46E-03 4.69E-04 
 

8.51E-03 6.58E-03 3.56E-03 PP TLGTH UHT  

5 42.2 
 

  
  

8.35E-03 
 

  PP TLGTH UHT  

5 91.5 91.8 9.51E-03 4.55E-04 
 

1.18E-02 8.83E-03 4.37E-03 PP MY UDPTH  

5 110.7 115.4 7.36E-03 
 

1.98E-03 
 

5.80E-03 3.35E-03 MY UA DDMY  

5 120.6 
 

  
    

-3.03E-03 TPL UHT UCI  

6 42.5 42.6 1.43E-02 5.08E-04 2.14E-03 1.59E-02 1.12E-02 6.25E-03 PP MY CM SCS UA TPL  

6 118.9 
 

  
 

1.86E-03 
  

  PP MY CM UHT MSPD 

7 52.9 56.5 7.62E-03 4.69E-04 
   

  MY SCS MSPD  

7 81.6 
 

  5.20E-04 
 

1.16E-02 5.54E-03 3.47E-03 MY SCC MSPD  

7 93.1 93.3   
  

9.42E-03 
 

  MY MSPD  

7 102.9 
 

  
  

8.51E-03 
 

  MY MSPD  

Table 3.4 Continued 

8 11.9 15.4   
  

9.36E-03 5.85E-03   SCS  

8 55 
 

7.36E-03 
    

  CM SCC MSPD  

8 81.4 
 

  
 

1.69E-03 
  

  CM SCC  



 

 

 

 

92 

 

8 92.1 
 

8.66E-03 
  

8.86E-03 
 

3.07E-03 PP  

9 90.8 
 

  
 

1.71E-03 
  

  CM UC  

9 95.5 98.9 7.07E-03 6.28E-04 
 

8.45E-03 5.93E-03 3.09E-03 CM UC  

9 102.9 105 7.78E-03 
 

1.70E-03 
 

5.93E-03 3.47E-03 CM SCS UC  

10 3.5 
 

  
 

1.71E-03 
  

  CM  

10 21.6 
 

  
 

1.69E-03 
  

  UA TLGTH  

10 51.2 51.2   
 

1.76E-03 
  

  UA TLGTH SCC  

10 64.1 68.6 8.68E-03 4.67E-04 
   

3.33E-03 
MY SCS UA TPL TLGTH UDPTH 

UC SCC 

10 83.3 85.9   
 

1.76E-03 8.93E-03 
 

  SCS UA TLGTH  

11 38.4 39.2   
 

1.90E-03 
  

  SCC  

11 51.3 
 

  
   

5.67E-03   PP MY  

11 74.4 
 

  4.95E-04 
   

  PP MY  

11 86.8 87.8 1.00E-02 5.74E-04 
 

9.82E-03 6.61E-03 3.35E-03 PP MY SCC  

12 54.6 
 

  
   

6.12E-03 3.13E-03 TPL  

12 61.1 
 

  
 

2.07E-03 
  

  TPL  

13 2.9 4.9 1.04E-02 7.09E-04 
 

1.06E-02 6.12E-03 3.34E-03 PP MY UA TPL TLGTH UDPTH  

13 8.9 
 

  5.11E-04 
   

  TPL  

13 15.9 18.8   6.23E-04 
 

8.65E-03 
 

  
PP MY SCS UA TPL TLGTH 

UDPTH  

13 64.8 
 

7.34E-03 
    

  
MY SCS UA TLGTH UDPTH  

UHT UCI UWDT 

13 79.8 
 

  4.73E-04 
   

  
MY UA TLGTH UDPTH UHT 

 UCI UWDT  

13 83 83 1.10E-02 4.86E-04 
 

1.16E-02 7.52E-03 3.84E-03 TLGTH  

14 2.8 6.8 7.31E-03 
   

5.87E-03 3.00E-03 PP MY DDMY  

14 54.5 
 

  
 

1.82E-03 
  

  SCS  

15 22.5 
 

  
 

1.72E-03 
  

  CM  

15 34.6 37   5.07E-04 1.68E-03 
 

5.65E-03 3.25E-03 SCS  

Table 3.5 Continued 

15 44.1 44.2 9.63E-03 7.43E-04 1.94E-03 9.31E-03 6.55E-03 3.32E-03 SCS UA UDPTH  

15 75.6 78.2 8.70E-03 4.71E-04 1.86E-03 9.68E-03 6.15E-03 3.25E-03 PP MY  

16 6.5 
 

7.18E-03 
  

8.77E-03 6.28E-03 3.30E-03 MY305  

16 19.9 
 

  
    

2.95E-03 PP  

16 29 
 

  4.52E-04 
   

  TLGTH  

17 51.1 
 

8.03E-03 
   

6.30E-03 3.74E-03 MY  

17 55.4 
 

  
   

5.88E-03 3.31E-03 PP MY TLGTH  



 

 

 

 

93 

 

18 10 14.5   5.00E-04 1.72E-03 
 

6.38E-03 2.97E-03 SCS  

18 22.3 26.1 7.55E-03 5.47E-04 
   

  MY SCS UA UDPTH UHT UCI  

18 33.8 
 

  4.89E-04 
  

5.55E-03   MY UA UDPTH UHT UCI 

18 46.6 
 

  
    

3.35E-03 MY  

18 61.3 64.4   5.14E-04 2.08E-03 1.04E-02 5.84E-03 3.81E-03 PP MY TLGTH SCS 

19 15.6 
 

  
 

1.89E-03 
  

  MY SCS UDPTH  

19 19.2 20.5 8.91E-03 6.66E-04 1.78E-03 9.42E-03 5.66E-03 3.13E-03 SCS  

19 26.8 28.8 8.87E-03 5.27E-04 2.01E-03 
 

5.98E-03   SCS  

19 38.5 
 

  
  

8.91E-03 
 

  MY SCS  

19 41.5 
 

7.33E-03 
  

9.16E-03 5.92E-03 3.05E-03 PP  

19 52.3 
 

  
  

9.08E-03 
 

  PP TLGTH MSPD  

19 58.2 
 

  
 

2.24E-03 
  

  MY  

20 7.1 
 

  
 

1.94E-03 
  

  UCI  

20 32.3 
 

  
 

1.68E-03 
  

  PP MY  

20 41.1 
 

  
  

8.31E-03 
 

  MY UDPTH  

20 46.2 46.2 7.81E-03 
    

  PP MY UDPTH DDMY 

20 61.6 
 

  4.89E-04 
   

  PP MY UA UDPTH 

20 71.6 
 

8.04E-03 
    

3.38E-03 PP  

21 12.9 14.3   4.53E-04 1.77E-03 
  

  MY CM SCS SCC 

21 20.2 
 

  
 

1.69E-03 
  

  
PP MY CM UA TPL TLGTH 

UWDT  

21 50 
 

7.13E-03 
   

5.56E-03   SCS  

22 9.1 
 

  4.60E-04 
   

  PP TPL  

22 48.7 
 

  
 

1.72E-03 8.70E-03 5.54E-03 2.97E-03 PP  

22 54.9 
 

9.66E-03 5.07E-04 
 

1.40E-02 7.64E-03 4.29E-03 PP  

Table 3.6 Continued 

22 58.1 
 

  
  

8.47E-03 
 

  PP  

23 11.8 
 

8.45E-03 4.68E-04 
 

8.99E-03 5.84E-03 3.25E-03 PP MY SCS UA UCI 

23 14.7 14.8 9.17E-03 5.68E-04 
 

9.53E-03 
 

  PP MY UA TPL UDPTH UCI  

23 21.3 23.7 9.66E-03 5.20E-04 
 

1.13E-02 7.87E-03 3.60E-03 PP MY TPL MSPD 

23 35.5 38.2 7.83E-03 
 

2.23E-03 
  

  MY SCS UDPTH MSPD 

23 47.8 
 

  4.58E-04 
   

  SCC  

24 34.9 
 

  
  

8.98E-03 
 

  SCS UDPTH  

24 48.8 
 

7.21E-03 
    

  UA UCI  

24 55.9 
 

  4.53E-04 
   

  UA UCI  

25 3.2 
 

7.49E-03 
    

  PP  

25 18.2 
 

  4.88E-04 
   

  SCS  
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25 22.2 
 

  
    

3.07E-03 UA  

25 36.8 
 

1.02E-02 
 

1.91E-03 9.70E-03 6.72E-03 4.70E-03 MY SCS  

25 40.8 
 

  
 

3.10E-03 
  

  MY SCS UHT UC 

26 10.9 
 

8.88E-03 5.65E-04 
 

8.13E-03 6.20E-03 3.50E-03 SCS UA  

26 16 
 

  5.23E-04 
   

  SCS UA  

26 23.5 
 

  
 

1.84E-03 
  

  MY UA  

26 41.8 
 

  
  

9.63E-03 6.00E-03   MY CM SCS UA TLGTH SCC  

27 30.5 32 1.05E-02 
 

2.36E-03 
  

3.58E-03 PP MY CM UDPTH 

28 3 8.3   
 

2.02E-03 
  

3.05E-03 UC  

28 15 17.4 9.03E-03 5.97E-04 2.20E-03 
  

3.41E-03 UA UWDT  

28 23.7 
 

8.76E-03 
 

1.91E-03 
 

5.82E-03 3.25E-03 MY UHT UCI  

28 34.5 40.2   
 

2.00E-03 
  

  PP MY  

29 47.2 
 

9.04E-03 
  

8.27E-03 -6.75E-03 3.66E-03 MY TPL MY305 SCS 
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Table 3.7 Continued 

Chr Beg End TMT AT TP DT MMF AVGF 

1 57.9 
 

  
 

ARS-BFGL-

NGS-112451    

1 122.5 124.2 
ARS-BFGL-

BAC-14851  
ARS-BFGL-

BAC-14851 

ARS-BFGL-

BAC-14851 

ARS-BFGL-

BAC-14851 

ARS-BFGL-

BAC-14851 

1 135.1 135.1 
ARS-BFGL-

NGS-108336  
ARS-BFGL-

NGS-108336    

2 5.3 
 

ARS-BFGL-

NGS-24537  
ARS-BFGL-

NGS-24537    

2 20.6 
 

  
 

BTA-46612-

no-rs    

2 29.5 
 

  
 

Hapmap61002-

rs29016992    

2 31.7 
 

  
 

BTA-104779-

no-rs    

2 57.4 
 

  
  

BTB-

00099725 

BTB-

00099725  

2 114.3 
 

  
ARS-BFGL-BAC-

34939     

2 130.2 133.2 
ARS-BFGL-

NGS-33709 

ARS-BFGL-NGS-

113511 

ARS-BFGL-

NGS-108175 

ARS-BFGL-

NGS-2286 

ARS-BFGL-

NGS-2286 

ARS-BFGL-

NGS-108175 

3 8.9 13.7   
 

ARS-BFGL-

NGS-33910    

3 31.3 36.8 
BTA-67383-

no-rs  
Hapmap55463-

rs29026005   
BTA-67383-

no-rs 

3 105 
 

  
ARS-BFGL-NGS-

1038     

3 112.1 112.7 
ARS-BFGL-

NGS-74948 

ARS-BFGL-NGS-

110683 

ARS-BFGL-

NGS-74948 

ARS-BFGL-

NGS-110683   

4 6.2 
 

  
  

ARS-BFGL-

NGS-104086 

ARS-BFGL-

NGS-104086  

4 34.1 36.5 
BTA-97585-

no-rs 

Hapmap33884-

BES3_Contig263_765  
BTA-97585-

no-rs  
BTB-

01793118 

4 70.7 70.9   
ARS-BFGL-NGS-

102713  
ARS-BFGL-

NGS-36876 

ARS-BFGL-

NGS-36876  
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Table 3.8 Continued 

4 115.9 117.6 
ARS-BFGL-

NGS-27061   
ARS-BFGL-

NGS-27061 

Hapmap54131-

rs29019697 

Hapmap54131-

rs29019697 

5 27.8 30.6 
ARS-BFGL-

NGS-7725 

Hapmap39353-BTA-

73120  
ARS-BFGL-

NGS-7725 

ARS-BFGL-

NGS-7725 

ARS-BFGL-

NGS-7725 

5 42.2 
 

  
     

5 91.5 91.8 
BTA-111858-

no-rs 
BTA-111858-no-rs 

 
BTA-111858-

no-rs 

BTA-111858-

no-rs 

BTA-111858-

no-rs 

5 110.7 115.4 
ARS-BFGL-

NGS-13748  
ARS-BFGL-

NGS-13748  
ARS-BFGL-

NGS-44354 

ARS-BFGL-

NGS-13748 

5 120.6 
 

  
    

ARS-BFGL-

NGS-110517 

6 42.5 42.6 
Hapmap27408-

BTA-143963 

Hapmap27408-BTA-

143963 

Hapmap27408-

BTA-143963 

Hapmap27408-

BTA-143963 

Hapmap27408-

BTA-143963 

Hapmap27408-

BTA-143963 

6 118.9 
 

  
 

ARS-BFGL-

NGS-72630    

7 52.9 56.5 
ARS-BFGL-

NGS-62351 

Hapmap50471-BTA-

78923     

7 81.6 
 

  
ARS-BFGL-NGS-

114593  
ARS-BFGL-

NGS-114593 

ARS-BFGL-

NGS-114593 

ARS-BFGL-

NGS-114593 

7 93.1 93.3   
     

7 102.9 
 

  
  

Hapmap53461-

rs29027660   

8 11.9 15.4   
  

ARS-BFGL-

NGS-50811 

ARS-BFGL-

NGS-26808  

8 55 
 

Hapmap59304-

rs29025230      

8 81.4 
 

  
 

BTA-110160-

no-rs    

8 92.1 
 

BTA-93110-

no-rs   
BTA-93110-

no-rs  
BTA-93110-

no-rs 

9 90.8 
 

  
 

BTB-

01839335    

9 95.5 98.9 
ARS-BFGL-

NGS-55179 

ARS-BFGL-NGS-

9633  
ARS-BFGL-

NGS-9633 

ARS-BFGL-

NGS-9633 

ARS-BFGL- 

NGS-55179 
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Table 3.9 Continued 

9 102.9 105 
ARS-BFGL-

NGS-114800  
ARS-BFGL-

NGS-117605  
ARS-BFGL-

NGS-26776 

ARS-BFGL-

NGS-26776 

10 3.5 
 

  
 

Hapmap59914-

rs29012068    

10 21.6 
 

  
 

ARS-BFGL-

NGS-28483    

10 51.2 51.2   
 

BTB-

00427715    

10 64.1 68.6 
BTA-98729-

no-rs 

Hapmap59063-

rs29016349    
BTA-98729-

no-rs 

10 83.3 85.9   
 

BTB-

00441709 

ARS-BFGL-

NGS-112698   

11 38.4 39.2   
 

ARS-BFGL-

NGS-114070    

11 51.3 
 

  
   

Hapmap25657-

BTA-93401  

11 74.4 
 

  
ARS-BFGL-NGS-

90250     

11 86.8 87.8 
ARS-BFGL-

NGS-116951 

ARS-BFGL-NGS-

116253  
ARS-BFGL-

NGS-116951 

ARS-BFGL-

NGS-35730 

ARS-BFGL-

NGS-116253 

12 54.6 
 

  
   

ARS-BFGL-

NGS-26583 

ARS-BFGL-

NGS-26583 

12 61.1 
 

  
 

BTB-

01011791    

13 2.9 4.9 
BTB-

01221050 
BTB-01221050 

 
BTB-

01221050 

BTB-

01221050 

BTB-

01221050 

13 8.9 
 

  
ARS-BFGL-NGS-

93056     

13 15.9 18.8   
ARS-BFGL-NGS-

35631  
ARS-BFGL-

NGS-114762   

13 64.8 
 

ARS-BFGL-

NGS-113964      

13 79.8 
 

  
ARS-BFGL-NGS-

112395     

13 83 83 
ARS-BFGL-

NGS-39164 

ARS-BFGL-NGS-

39164  
ARS-BFGL-

NGS-39164 

ARS-BFGL-

NGS-39164 

ARS-BFGL-

NGS-39164 
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Table 3.10 Continued 

14 2.8 6.8 
Hapmap31941-

BTC-049764    
ARS-BFGL-

NGS-22866 

ARS-BFGL-

NGS-117542 

14 54.5 
 

  
 

BTA-90428-

no-rs    

15 22.5 
 

  
 

ARS-BFGL-

NGS-85535    

15 34.6 37   
ARS-BFGL-NGS-

2713 

BTA-08811-

rs29022367  
ARS-BFGL-

NGS-2713 

ARS-BFGL-

NGS-2713 

15 44.1 44.2 
Hapmap38595-

BTA-36915 

Hapmap38595-BTA-

36915 

Hapmap38595-

BTA-36915 

Hapmap38595-

BTA-36915 

Hapmap38595-

BTA-36915 

Hapmap38595-

BTA-36915 

15 75.6 78.2 
Hapmap40418-

BTA-37758 

Hapmap40418-BTA-

37758 

ARS-BFGL-

NGS-81673 

Hapmap40418-

BTA-37758 

Hapmap40418-

BTA-37758 

Hapmap40418-

BTA-37758 

16 6.5 
 

Hapmap51387-

BTA-109077   
Hapmap51387-

BTA-109077 

Hapmap51387-

BTA-109077 

Hapmap51387-

BTA-109077 

16 19.9 
 

  
    

Hapmap40729-

BTA-40319 

16 29 
 

  
ARS-BFGL-BAC-

33348     

17 51.1 
 

ARS-BFGL-

NGS-75066    
ARS-BFGL-

NGS-75066 

ARS-BFGL-

NGS-75066 

17 55.4 
 

  
   

Hapmap54286-

ss46526589 

Hapmap54286-

ss46526589 

18 10 14.5   
ARS-BFGL-NGS-

24837 

ARS-BFGL-

NGS-29564  
ARS-BFGL-

NGS-24837 

ARS-BFGL-

NGS-24837 

18 22.3 26.1 
ARS-BFGL-

NGS-28677 

ARS-BFGL-NGS-

2512     

18 33.8 
 

  
ARS-BFGL-NGS-

22634   
Hapmap23714-

BTA-43016  

18 46.6 
 

  
    

ARS-BFGL-

NGS-114161 

18 61.3 64.4   
ARS-BFGL-NGS-

49873 

ARS-BFGL-

NGS-38620 

Hapmap40847-

BTA-98475 

ARS-BFGL-

NGS-38620 

ARS-BFGL-

NGS-38620 

19 15.6 
 

  
 

ARS-BFGL-

NGS-35416    

19 19.2 20.5 
Hapmap40170-

BTA-20573 

Hapmap40170-BTA-

20573 

ARS-BFGL-

NGS-20809 

Hapmap40170-

BTA-20573 

Hapmap40170-

BTA-20573 

Hapmap40170-

BTA-20573 
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Table 3.11 Continued 

19 26.8 28.8 
BTB-

00745347 
BTB-00745347 

ARS-BFGL-

NGS-114201  
BTB-

00745347  

19 38.5 
 

  
  

Hapmap49617-

BTA-45355   

19 41.5 
 

ARS-BFGL-

NGS-25136   
ARS-BFGL-

NGS-25136 

ARS-BFGL-

NGS-25136 

ARS-BFGL-

NGS-25136 

19 52.3 
 

  
  

Hapmap39750-

BTA-45775   

19 58.2 
 

  
 

ARS-BFGL-

NGS-81995    

20 7.1 
 

  
 

ARS-BFGL-

NGS-98789    

20 32.3 
 

  
 

Hapmap47975-

BTA-50226    

20 41.1 
 

  
  

BTB-

00783355   

20 46.2 46.2 
BTB-

00786048      
20 61.6 

 
  BTB-00794279 

    
20 71.6 

 
ARS-BFGL-

NGS-113227     
ARS-BFGL-

NGS-113227 

21 12.9 14.3   
Hapmap30803-BTA-

135661 

ARS-BFGL-

NGS-58825    

21 20.2 
 

  
 

ARS-BFGL-

NGS-16989    

21 50 
 

Hapmap52435-

rs29012295    
ARS-BFGL-

NGS-2684  

22 9.1 
 

  
ARS-BFGL-NGS-

119364     

22 48.7 
 

  
 

BTB-

00854474 

BTB-

00854474 

BTB-

00854474 

BTB-

00854474 

22 54.9 
 

ARS-BFGL-

NGS-104424 

ARS-BFGL-NGS-

104424  
ARS-BFGL-

NGS-104424 

ARS-BFGL-

NGS-104424 

ARS-BFGL-

NGS-104424 

22 58.1 
 

  
  

UA-IFASA-

8581   
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Table 3.12 Continued 

23 11.8 
 

Hapmap26666-

BTA-137044 

Hapmap26666-BTA-

137044  
Hapmap26666-

BTA-137044 

Hapmap26666-

BTA-137044 

Hapmap26666-

BTA-137044 

23 14.7 14.8 
ARS-BFGL-

NGS-17887 

ARS-BFGL-NGS-

42298  
ARS-BFGL-

NGS-17887   

23 21.3 23.7 
ARS-BFGL-

NGS-25108 

ARS-BFGL-NGS-

25108  
ARS-BFGL-

NGS-25108 

ARS-BFGL-

NGS-25108 

ARS-BFGL-

NGS-25108 

23 35.5 38.2 
ARS-BFGL-

NGS-115866  
ARS-BFGL-

NGS-115866    

23 47.8 
 

  
Hapmap53926-

rs29025235     

24 34.9 
 

  
  

BTB-

00886759   

24 48.8 
 

ARS-BFGL-

NGS-24167      

24 55.9 
 

  
Hapmap51262-BTA-

58394     

25 3.2 
 

ARS-BFGL-

NGS-41468      

25 18.2 
 

  
ARS-BFGL-NGS-

3834     

25 22.2 
 

  
    

Hapmap50414-

BTA-59706 

25 36.8 
 

ARS-BFGL-

BAC-40619  
ARS-BFGL-

BAC-40619 

ARS-BFGL-

BAC-40619 

ARS-BFGL-

BAC-40619 

ARS-BFGL-

BAC-40619 

25 40.8 
 

  
 

ARS-BFGL-

NGS-114447    

26 10.9 
 

BTB-

01667023 
BTB-01667023 

 
BTB-

01667023 

BTB-

01667023 

BTB-

01667023 

26 16 
 

  
ARS-BFGL-NGS-

4442     

26 23.5 
 

  
 

Hapmap38196-

BTA-114696    
26 41.8 

 
  

  
DPI-31 DPI-31 

 
27 30.5 32 

Hapmap42770-

BTA-103418  
Hapmap42770-

BTA-103418   
Hapmap42770-

BTA-103418 
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Table 3.13 Continued 

28 3 8.3   
 

Hapmap57035-

rs29025683   
Hapmap53582-

rs29012732 

28 15 17.4 
ARS-BFGL-

NGS-1363 

ARS-BFGL-NGS-

1363 

ARS-BFGL-

NGS-1363   
ARS-BFGL-

NGS-1363 

28 23.7 
 

BTB-

01462216  
BTB-

01462216  
BTB-

01462216 

BTB-

01462216 

28 34.5 40.2   
 

ARS-BFGL-

NGS-10481    

29 47.2 
 

ARS-BFGL-

NGS-70165   
ARS-BFGL-

NGS-70165 

ARS-BFGL-

NGS-70165 

ARS-BFGL-

NGS-111472 
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Table 3.14 Number of Animals in Discovery and Prediction Data set 

 

Total Milking 

Time 

Ascending 

Time 

Time of 

Plateau 

Descending 

Time 

Maximum 

Milk Flow 

Average Milk 

Flow 

Discovery
1 

653 260 748 85 780 720 

Prediction
2 

630 1001 544 1115 513 570 
1 

Reliablility > 0.60 
2
 Reliablility < 0.60 

 



 

 

 

 

103 

 

Table 3.15 Median Proportion of EBVsig
1
 explained by EBVgene

2
  

 

TMT
3 

AT TP DT MMF AVGF 

Number of Significant markers 11,612 9,425 6,929 13,590 14,585 14,178 

Number of Significant markers within a coding region 3,489 2,839 2,154 4,142 4,362 4,331 

Median within coding region
 

0.35 0.39 0.73 0.20 0.43 0.34 

Median within non-coding region 0.65 0.61 0.27 0.80 0.57 0.66 
1
 Predicted breeding values from estimates of all marker effects 

2 
Predicted breeding values from estimates of significant marker effects within coding regions 

3
TMT - Total Milking Time

; 
AT - Ascending Time; TP - Time of Plateau; DT - Descending Time; 

MMF - Maximum Milk Flow, AVGF – Average Flow 
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AT - Ascending Time; TP - Time of Plateau; DT - Descending Time; OT – 

Overmilking Time; ST - Stripping Time; TMT - Total Milking Time; MMF - 

Maximum Milk Flow 
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Description of Milk Flow Parameters
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Figure 3.1 Description of Milk Flow Parameters 
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Figure 3.2 Marker effects obtained for 33,074 SNPs 
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Figure 3.2 continued. Marker effects obtained for 35,044 SNPs for average flow 

(kg/min) 
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. 

a. b. 

 
Figure 3.3 Correlation between EBV and GEBV predicted from a finite number of markers (25, 

50, 100, 300, 3000 and 10,000) 
a. Correlation between EBV and genomic breeding value (GEBV) predicted from  all marker 

effects for TMT (total milking time), MMF (maximum milk flow), AVGF (average flow), AT (ascending 
time), TP (time of plateau), DT (descending time) 

b. Correlation between EBV and GEBV predicted from  a finite number of markers with largest 
effects  
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Chapter 4  

Effectiveness of Genomic Selection on Milk Flow Traits 

in Dairy Cattle. 
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ABSTRACT 

 

The objective of this study was to evaluate the ability to implement genomic selection 

on a relatively small population (Italian Brown Swiss) on a novel trait (milkability) by 

comparison of predicted breeding values and reliabilities based on genomic information with 

those obtained from traditional breeding value evaluations. Milk flow measures for total 

milking time (TMT), time of plateau (TP), descending time (DT), average milk flow (AVGF) 

and maximum milk flow (MMF) were collected on 37,213 Italian Brown cows. Estimated 

breeding values were obtained through standard BLUP techniques. Heritabilies were 

estimated to be 0.11, 0.02, 0.32, 0.05, 0.42, and 0.29 for TMT, AT, TP, DT, MMF and 

AVGF, respectively. For 1351 sires included in the phenotypic analysis, genomic information 

for 34,052 informative markers was obtained. Genotyped sires had on average 28 ± 2.6 

daughters, and a reliability of ~0.50 averaged across all traits. Genotyped sires were 

partitioned based on their EBV reliabilities into a training set (EBV reliability > 0.60) and a 

validation set (EBV reliability < 0.60). Pseudo-phenotypes for these sires were obtained by 

EBV de-regression and subsequently employed in obtaining genomic breeding values 

through GBLUP, Student-t, and Bayesian LASSO models. Genomic breeding values were 

also obtained using single-step methods combining genomic and pedigree based information 

using dense (HBLUP) and reduced (HrBLUP) SNP panels. Reliabilities estimated from 

breeding values incorporating genomic information from bulls in the validation set were 

compared with parental averages (PA) and breeding values obtained using traditional BLUP 

methods (PBLUP). Breeding values obtained using GBLUP resulted in reliabilities within the 

prediction set of 0.34 (0.29 PA), 0.32 (0.26 PA), 0.23 (0.30 PA), 0.35 (0.26 PA), 0.43 (0.30 
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PA), and 0.45 (0.29 PA) for TMT, AT, TP, DT, AVGF and MMF, respectively. Student-t and 

Bayesian Lasso models obtained similar reliabilities that were slightly better than GBLUP; 

0.45, 0.32, 0.24, 0.47, 0.47, and 0.46 for TMT, AT, TP, DT, AVGF and MMF, respectively. 

The largest increase in reliability was accomplished by combining genomic and pedigree 

information in a single step (HBLUP and HrBLUP). Average gain in reliability from HBLUP 

from PA was 0.20, 0.24, 0.20, 0.17, 0.20 and 0.21 while gains from HrBLUP were slightly 

more than HBLUP. For all milk flow traits, use of a genomic model resulted in increased 

accuracy of prediction for sires with little or no progeny information. Inclusion of genomic 

information increased accuracy of prediction for milk flow measures. 

 

Key Words: Genomic Selection, Milk Flow, Dairy Cattle, Accuracy of Prediction 
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INTRODUCTION 

 

 Recent sequencing of the bovine genome has led to the discovery of millions 

of single nucleotide polymorphisms (SNP). Meuwissen et al. (2001), outlined how breeding 

values could be predicted from marker data alone in order to obtain what are now commonly 

known as genomic breeding values (GEBVs). These values are calculated as the sum of the 

effects of dense genetic markers across the entire genome capturing all the quantitative trait 

loci (QTL) that contribute to variation in the trait. Implementation of GEBV in genetic 

evaluations and selection indices is commonly referred to as genomic selection. 

Genomic selection programs are currently implemented routinely in the United States, 

Canada, New Zealand, France, Netherlands, Denmark, Norway and Sweden. Wiggans et al. 

(2011) showed a large increase in reliabilities of US genomic predictions in comparison to 

the traditional pedigree index using an Illumina 50k panel (Illumina, 2011a). Recently a 

reduced 3k SNP panel (Illumina, 2011b) has been made available to cattle producers that may 

be a more affordable option with small losses in accuracy (Zhang et al., 2011). While the 

implementation of genomic selection has been extremely successful for large breeds and 

traits already part of the routine collection scheme, its effectiveness for smaller populations 

and for traits that are not routinely collected or are only available for a subset of the 

population is still debated (Ibañez-Escriche and Gonzalez-Recio, 2011).  

Milkability is a novel trait that is not routinely collected. It belongs to the group of 

traits termed functional traits which also include health, feed efficiency, fertility, and calving 

ease. Milkability can be defined as the ease of milking of dairy cows. This trait is usually 
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measured as milking speed, either recorded objectively or through subjective measure (Gray 

et al., 2011, Meyer and Burnside, 1987)  

Other indicators of milkability include flow measures such as Average Milk Flow 

(AVGF) and Maximum Milk Flow (MMF) (Guler et al., 2009).Milkability measures, either 

as milking flow or speed, have long been recognized as relevant criteria in animal selection 

(Bruckmaier et al., 1995, Miller et al., 1976), due to their impact on management costs of 

milking cows (Groen et al., 1997).An increase of MMF and AVGF and a reduction of total 

milking time (TMT), results in a reduction of milking labor time and in an increase of the 

efficiency of the automatic milking system (Dondenhoff et al., 1999). Considering that labor 

accounts for a large fraction of the total costs of milk production, it is not a surprise that 

Prints et al. (2002) estimated economic values for milking time expressed as 

euro/minute/cow/year ranging from 1.63 to 25.97€, depending on the size of milking parlor.  

Milking speed and milking time significantly influence the farmer’s economic bottom 

line which can be improved through selection (Bruckmaier et al., 1995, Miller et al., 1976). 

By improving milkability, management costs of milking decrease through reduced labor time 

and improved efficiency of the automatic milking system (Groen et al., 1997).Selection for 

milk flow has been actively applied to some dairy herds for the past 50 years(Politiek, 1961). 

Unfortunately due to the cost and labor associated with collecting flow data it has been 

difficult to make substantial progress compared to other traits. 

The overall objective of this study was to determine if genomic selection could be 

implemented in a relatively small population (Italian Brown Swiss) on a novel trait 

(milkability).This was accomplished by the following methods i) predict breeding values for 

milkability traits using SNP marker genotypes, ii) evaluate the reliability of these breeding 
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values for sires with a relatively small number of daughters with phenotypic information, iii) 

compare reliabilities of alternative methods of predicted breeding values, iv) predict breeding 

values from low-density SNP genotypes v) and evaluate the differences based on method of 

calculation and reliability associated with the prediction.  

MATERIALS AND METHODS 

 

Data for this study were provided by the Italian Brown Breeders’ Association and 

included information spanning a 12 year period (1997 to 2009). 

The dataset included 37,213 cows, from 2,361 sires and 30,231 dams with pedigree 

information spanning 7 generations. Milk flow was measured once for each cow using a 

portable milk flow recorder (LactoCorder, WMB AG, Balgach, Switzerland). Milk flow 

characteristics were detected every 0.7 s and saved at intervals of 2.8 s. To describe the 

overall pattern of milk removal, milk flow was divided into six phases: 1) ascending time 

(AT), period spanning milk flow greater than 0.5 kg/min until time of plateau (TP); 2) TP, 

period of steady milk flow; 3) decreasing time (DT), period from the end of TP until milk 

flow below 0.2 kg/min; 4) overmilking time, period between milk flow below 0.2 kg/min and 

group removal; 5) stripping time, period at end of milking, with milk flow greater than 0.2 

kg/min and lasting for at least 4.2 s; and 6) overmilking time after stripping, period after 

stripping between a milk flow below 0.2 kg/min and the group removal after stripping time 

(Figure 1). The overall sum of all the periods corresponds to total milking time (TMT). 

Additionally, maximum milk flow (MMF) was recorded as the maximum flow preceding TP. 

The six traits investigated in this study were: total milking time (TMT), ascending time (AT), 

time of plateau (TP), descending time (DT), maximum milk flow (MMF) and average flow 
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(AVGF). A complete description of data collection and data editing for these traits can be 

found in Gray et al. (2011). 

Among the 2,361 sires of cows with phenotypic information, 931 had genomic 

information available. These sires had on average of 28 ± 2.6 daughters in the data set. 

Additional genomic information was available for another 420 bulls, which were either 

ancestors or related to the phenotyped cows. Therefore, a total of 1351 genotyped bulls were 

available for the analysis. 

SNP markers 

Bulls were genotyped using the Illumina Bovine SNP50 BeadChip (Matukumalli et 

al., 2009) which will be referred to as the dense panel. After quality checking the data 34,052 

SNPs spanning 29 bovine autosomes remained for the analysis. Markers with call rate < 0.90, 

minor allele frequency (MAF) < 0.05 and markers violating Hardy Weinberg equilibrium test 

were discarded from the analysis. The average number of SNPs per chromosome was 1,175. 

After editing, a subset of markers corresponding to markers on the Illumina Bovine 

3K BeadChip (Illumina, 2011b) were isolated from the remaining markers These isolated 

markers were then used to mimic genotyping of the sires using a sparse 3K panel. This panel 

will be referred to as the reduced panel which had an average number of 83 SNPs per 

chromosome.  

Statistical Analysis 

 Traditional breeding values were predicted for TMT, AT, TP, DT, MMF and AVGF 

via BLUP methodology using ASREML (Gilmour et al., 2009) (PBLUP). Using a 6-trait 

animal model similar to the model described in Gray et al. (2011). 
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Where  

        = dependent variables: TMT, AT, TP, DT, MMF and AVGF;  

  = factor common to all observations: 

  = fixed effect of parity (2 levels, first and later lactations); 

  = fixed effect of herd (1661 levels); 

  = fixed effect of year of test (9 levels);  

    = covariate of days in milk (days);  

  = additive genetic random effect of animal 

       = random residual error  

From the genotyped sires’ parent EBVs parental averages (PA) were predicted for 

each of the milkability traits. 

   
              

 
 

Two-Stage Genomic Selection 

Genomic predictions were first computed using a multi-step approach (VanRaden, 

2008). First, a traditional evaluation for milking traits was performed. Genotyped animals 

were then split into two groups for each trait based on PBLUP EBV reliability. Genotyped 

sires with a PBLUP reliability of over 0.60 for each trait, which is essentially separating 

proven sires from young sires with little to no progeny, were assigned to the population 

referred to as the training population. The remaining animals were assigned to the validation 

data set.  

Pseudo-phenotypes were obtained from breeding values deregressed free from 

parental averages and adjusted for the number of daughters contributing to the breeding value 
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for the data vector used in genomic predictions (Garrick et al., 2009).Genomic breeding value 

predictions were computed by linear and nonlinear systems of equations. Linear predictions 

assume that all markers contribute equally to genetic variation while nonlinear or Bayesian 

predictions assume that markers could potentially have unequal variances implying that 

markers may be able to capture QTL with large effects that explain a large proportion of the 

additive variance. 

Linear predictions were computed by 2 equivalent sets of mixed model equations. 

One model estimated individual marker effects first and then summed them across the 

genome (Meuwissen et al., 2001). The other model included a genomic relationship matrix in 

place of the traditional numerator relationship matrix (VanRaden, 2008) which will be 

referred to as GBLUP.  

[
      
           ] [

 ̂
 ̂
]  [

   

   
] 

     Vector of dependent variables: de-regressed breeding values for TMT, AT, TP,  

 DT, MMF and AVGF;    number of records associated with the training data set 

     Vector of fixed effects; only the mean is estimated 

     Vector of random animal effects;    number of genotyped individuals 

  = vector of 1’s of length   corresponding to a common mean among all observations of  

training set: 

Z = design matrix of order   , which relates records to random animal effects; 

   Genomic relationship matrix 

   Ratio of variance components 
  

 

  
 ⁄  
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The genomic relationship matrix G was constructed using the formula   

   

 ∑  (    )
where Z is the adjusted matrix of markers setting the mean values of the allele 

effects to 0 by subtracting P or a matrix of allele frequencies expressed as a difference from 

0.5 and multiplied by 2 such that column i of P is  (      ) given that pi is the marker 

frequency (VanRaden, 2008). Marker frequencies were estimated from all genotyped sires. 

Both dense and sparse marker panels were used in estimating the genomic relationship 

matrix. The genomic relationship matrix computed from the dense panel will be referred to as 

G while matrix computed from the reduced panel will be referred to as Gr. 

Predicted breeding values were obtained for animals within the validation data set 

through GBLUP using G
-1

. Only records from the training population were included in the y 

vector.  

Nonlinear predictions estimate a genetic variance component for each marker or 

alternatively, markers with smaller effects can be regressed further toward 0 and markers 

with larger effects regressed less to account for the non-normal prior distribution. Within this 

study two different nonlinear approaches were employed; Student -t, and Bayesian LASSO. 

 The general structure of the models in matrix form was:  

          

   Vector of de-regressed breeding values for TMT, AT, TP, DT, MMF and AVGF  

   Overall mean 

   Vector of additive effects for each marker 

  Matrix of genotypes expressed as number of copies of an arbitrary allele (0, 1, 2) for each  

SNP 
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   Vector of residuals assumed  (    
 ) 

 A flat (1) and a non-informative (   
 ⁄ ) prior were assigned to   and   

 , 

respectively. The remaining prior structure was: 

    (     
 ) 

for the j
th

 SNP,  

   
        (   

     ⁄ ) 

for the Student-t approach and 

   
     (   

     
 ⁄ ) 

for the Lasso approach. 

Scale parameter   and degrees of freedom   for Student-t were treated as unknown 

and were estimated from the data (Andrews and Mallows, 1974). They were assigned a 

uniform density of    ⁄ for the interval (0,1] and a uniform distribution of s for the range of 

(0,A], with A being a large number (Yi and Xu, 2008). The λ parameter in the Lasso 

approach was assigned a gamma prior distribution Gamma (a,b). Values of a and b were set 

to 0.05 and 1.0 respectively, so the prior of λ was essentially uniform over a wide range of 

values(Park and Casella, 2008). A Gibbs sampling algorithm was implemented to obtain 

samples from the joint posterior distribution. Steps of the algorithm are outlined in Cleveland 

et al. (2010a). 

The Gibbs sampling algorithm for both of the methods was implemented in R (R 

Development Core Team, 2010). 

Reliabilities(  ) for EBVs predicted from PBLUP and GBLUP were computed using the 

following formula   
    

 

(    )  
  where SEP = standard error of the prediction,    = inbreeding 
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coefficient for animal i and   
  = genetic variance(Gilmour et al., 2009). Parental average 

reliabilities (   
 ) were computed as    

  
     
      

 

 
. Reliabilities for the genomic 

predictions were computed using the general reliability equation in matrix form 
{ (     )   } 

* + 
 

where G = genomic relationship matrix;      ( ); and     

  
 of animal i (Strandén and 

Garrick, 2009). 

Marker effects were obtained using the above non-linear models from the training population 

and were then implemented in predicting the validation data set genomic breeding values. 

Assuming a completely additive model, a summation of marker effects across the entire 

genome for each animal was computed to predict the breeding value. 

Single-Step Approach 

 An alternative to the two-step approach, Misztal et al. (2009) proposed a unified 

single step approach, which automatically blends genomic and phenotypic information into a 

single set of equations. This approach is basically a modification of current breeding 

methodology where the inverse of the relationship matrix A
-1

 is modified. The resulting 

matrix referred to as H
-1

 is obtained by simply replacing the original value given by the 

inverse of the relationship matrix with the difference between the inverse of the genomic 

relationship matrix and the inverse of the relationship matrix between genotyped animals 

(Aguilar et al., 2010).  

H
   A

   [
  

 G
   A  

  ] 

where A  
- 

is the inverse of the pedigree matrix of genotyped animals. In this study both G
-1

 

and G
-1

r were implemented in computing H
-1

. Breeding values predicted from an H
-1
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computed from G
-1 

will be referred to as HBLUP while breeding values obtained from an H
-1

 

computed from G
-1

rwill be referred to as HrBLUP.  

Comparison of Models 

 Presence of differences in breeding values predicted from PBLUP with GBLUP, 

Bayesian LASSO, Student-t and HBLUP was evaluated by regressing breeding values 

obtained from PBLUP of validation individuals on breeding values obtained from the other 

models. A measure of bias was also estimated by estimating the mean differences among 

breeding values obtained from the genomic models with breeding values obtained from 

PBLUP in validation individuals. Pearson correlations were estimated between PBLUP 

breeding values from validation individuals with the remaining models to measure the 

relationship between breeding values predicted from different models 

RESULTS AND DISCUSSION 

 

 Estimates of heritability from a 6-trait pedigree based animal model are reported in 

Table 4.1. Estimates were low for the milking time traits except for TP which was moderate 

while milk flow traits both had moderate estimates of heritability. Estimated heritabilities 

were in agreement with other studies (Aydin et al., 2008, Gray et al., 2011, Guler et al., 

2009).  

Comparison of Reliabilities 

 All comparisons were based on reliabilities estimated from the validation set. 

Breeding values predicted from marker data had better predictive ability than estimates of PA 

from pedigree based relationships. Predictions of breeding values implementing GBLUP had 

an average increase in reliability ranging from 0.05 to 0.16 with the exception of TP which 
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had a decrease of 0.07 (Table 4.2). Similarly, Student-t and Bayesian LASSO both had an 

average increase ranging from 0.06 to 0.21 with the exception of TP decreasing 0.07. (Table 

4.2). 

With the inclusion of progeny information for the validation set breeding values were 

predicted using GBLUP and reliabilities were estimated. Among the 6 traits analyzed MMF 

and AVGF had estimated reliabilities with an advantage over traditional PEBV reliabilities. 

These traits were among the traits with the highest heritabilities. It was expected that GBLUP 

would have an advantage for all of the traits because realized marker-based genetic 

relationships were taken into consideration accounting for the Mendelian sampling that 

occurs within a population. The lack of an increase in estimated reliability using GBLUP for 

four of the six traits is surprising. It is possible that with a small sampling of genotypes 

available from the population that the advantage was not fully seized while an increase in 

genotyped sires could increase the ability of the markers to capture more information 

increasing the accuracy of the predictions.  

The other two-step methods (Student-t and Bayesian LASSO) essentially had the 

same mean reliability for milk flow traits. Both methods had the same mean reliability for AT 

(0.32), DT (0.47), MMF (0.47) and AVGF (0.46). Bayesian LASSO had a 0.02 increase in 

reliability for TMT and Student-t had a 0.01 increase in reliability for TP (Table 4.2). 

 When the single-step approach was utilized in predicting breeding values there was an 

increase in the estimate of reliability when compared to other methods of prediction for most 

of the traits. Increases in reliabilities ranged from 0.17 to 0.24 over PA reliabilities and 0.03 

to 0.27 over non-linear reliabilities except for DT which decreased 0.04 (Table 4.2). Increase 

in reliability could be attributed to using measured phenotypes of cows instead of pseudo-
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phenotypes derived from breeding values of the sires. When pseudo-phenotypes are derived 

from animals with small progeny numbers and are implemented in evaluations involving the 

two-step method, breeding values tend to be less accurate (Aguilar et al., 2010).The decrease 

in DT is most likely due to the training data set having less than 100 animals therefore 

causing less accurate predictions based on genomic information compared to the other traits.  

Comparison of Breeding Values 

Simple linear models were employed regressing breeding values obtained from 

GBLUP, HBLUP, Bayesian LASSO and Student-t models on breeding values obtained using 

PBLUP. On average, these regression coefficients tended to be lower than the expected value 

of 1; suggesting the estimates based on genomic information were on average less than 

expected (Table 4.3). These differences could be attributed to poor estimates of breeding 

values obtained from PBLUP due to having on average less than 10 daughters with 

phenotypic information.  

Bias, measured as the mean differences between breeding values obtained using 

PBLUP and breeding values obtained using genomic models were estimated. Among the 

two- step methods Student-t had the largest bias on average while HBLUP had the least bias. 

Correlations of breeding values obtained from PBLUP and GBLUP predictions ranged from 

0.56 to 0.67 across the traits; from 0.51 to 0.67 between PBLUP and both Bayesian Lasso and 

Student-t; and from 0.87 – 0.94 between PBLUP and HBLUP (Table 4.3). This indicates that 

re-ranking of top individuals is much more likely between pedigree and marker only based 

methods while less likely between pedigree based methods and one-step methods. This can 

most likely be attributed to the fact that for PBLUP and HBLUP methods take advantage of 
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all of the pedigree information that is available, therefore, making complete use of 

information available from progeny of sires within the validation set.  

It is expected that as the number of progeny increases for sires within the validation 

set that future evaluations would result in PBLUP and two-step methods for obtaining 

breeding values would be in better agreement. It is also acknowledged that in this study, the 

size of training data was limited compared to studies performed on other breeds of dairy 

cattle. However, even with the limited size HBLUP methods of obtaining breeding values 

had strong correlations, small bias and the largest slope compared to the other models 

indicating that its features are very robust and can be utilized within small populations.  

Evaluation of Reduced Panel within Single-step Approach 

 Incorporating the reduced panel in the single-step approach had the highest overall 

reliability for all six traits (Table 4.2) ranging from an overall 0.02 to 0.07 increase over 

HBLUP. The only difference between the two single-step methods was the genomic 

relationship matrix that was computed using SNP panels with different densities. The 

correlation between the diagonal of these two matrices (inbreeding coefficient) was 0.93 

while the correlation of the lower triangular matrices was 0.92. Although the reduced panel 

includes a subset of markers available on the denser panel, increase in reliability when using 

the reduced panel may be the result of a higher proportion of the markers included on the 

panel being more informative in determining relationships for Brown Swiss when compared 

to the denser panel. After editing approximately 3% of the markers from the denser panel 

were either from the X chromosome or unlinked. These markers may be introducing 

information that is causing the relationships computed to be slightly different. However, 

comparison of breeding values obtained using both the reduced and dense panel were 
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evaluated. There was a Pearson correlation of 0.95 with breeding values not significantly 

different (P > 0.10).  

CONCLUSION 

 

 Breeding values for milk flow traits can be estimated from genomic markers with an 

increase in reliability when compared to traditional pedigree based evaluations. Most of the 

increase in reliability can be attributed to improved estimation of Mendelian sampling. 

Among the non-linear methods evaluated in this study, both performed equally well with an 

overall increase in reliability. Some advantages associated with using two-step non-linear 

procedures include no change in current evaluations with a simple addition of a few steps for 

predicting genomic values for young genotyped animals. Although it has been well 

established in numerous populations proving its ability to work in diverse situations it was 

still not the best method evaluated in this study. It is very useful for continued work in 

genome wide association studies if desired and can be easily scaled with increased number of 

animals and number of markers. Unfortunately these methods tend to be slow due to the 

necessity to sample often more than 100k rounds. It is also heavily dependent on parameters 

specified by assumptions given by the user that could be incorrect and is extremely difficult 

for implementation of more complicated models which could include maternal effects or 

random regression.  

It was determined that among all the methods evaluated for prediction of breeding 

values the single-step methods were the most successful at increasing the reliability for all the 

traits. This method took advantage of all the data available and is easily incorporated in 

current breeding evaluations. Although milk flow is a fairly novel trait and it was measured 
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on a relatively small population when compared to other dairy breeds, selection based on 

single step methods is expected to provide the best response with the most flexibility. 
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Table 4.1 Heritability of Milk Flow Traits 

Trait
1 

h
2
 ± SE 

TMT 0.11 ± 0.009 

AT 0.02 ± 0.006 

TP 0.32 ± 0.016 

DT 0.05 ± 0.007 

MMF 0.42 ± 0.016 

AVGF 0.29 ± 0.014 
1
TMT – Total Milking Time; AT – Ascending Time; TP – Time of Plateau; DT – Descending 

Time; MMF – Maximum Milk Flow; AVGF – Average Milk Flow 
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Table 4.2 Reliability of Estimated Breeding Values for Sires in Validation Set 

Trait
1 

Parental Average PBLUP
2 

GBLUP
2 

Student-t
 

Bayesian Lasso
2 

HBLUP
2 

HrBlup
2 

TMT
 

0.29 0.43 0.34 0.45 0.47 0.49 0.55 

AT 0.26 0.44 0.32 0.32 0.32 0.50 0.52 

TP 0.30 0.47 0.23 0.24 0.23 0.50 0.57 

DT 0.26 0.42 0.35 0.47 0.47 0.43 0.48 

MMF 0.30 0.42 0.43 0.47 0.47 0.50 0.57 

AVGF 0.29 0.43 0.45 0.46 0.46 0.50 0.56 
1
TMT – Total Milking Time; AT – Ascending Time; TP – Time of Plateau; DT – Descending Time; MMF – Maximum Milk Flow; AVGF – 

Average Milk Flow 
2
PBLUP – Traditional Breeding Value; GBLUP – Genomic Breeding Value, Bayesian LASSO – Bayesian Least absolute shrinkage and selection 

operator; HBLUP – Single Step combined phenotypic and genotypic information; HrBLUP – Single step using reduced panel for construction of H 

matrix .
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Table 4.3 Model parameters for breeding values obtained using PBLUP
1
 compared to GBLUP

2
 , HBLUP

3
, Bayesian LASSO and Student-t 

       

 TMT
5 

AT
5 

TP
5 

DT
5 

MMF
5 

AVGF
5 

Intercept 1.29 -0.04 -0.35 0.10 0.83 0.05 

Slope 0.718 0.699 0.816 0.423 0.638 -0.067 

Bias 1.765 -0.063 -0.433 0.141 1.277 0.056 

Correlation 0.611 0.574 0.672 0.561 0.611 0.607 

      
 

Intercept 0.08 0 0.07 0.04 0.03 0.02 

Slope 0.842 0.869 0.757 0.896 0.775 0.814 

Bias 0.080 0 0.067 0.037 0.036 0.023 

Correlation 0.907 0.929 0.867 0.938 0.880 0.897 

               
 

Intercept 0.32 0 0.027 -1.86 -4.19 -0.07 

Slope 0.598 0.558 0.772 0.633 0.596 0.650 

Bias 1.765 0.001 0.024 -2.977 -3.042 -0.116 

Correlation 0.588 0.522 0.665 0.513 0.650 0.622 

           

Intercept -5.30 -0.07 -0.023 -1.80 -4.22 -1.77 

Slope 0.605 0.521 0.786 0.600 0.641 0.657 

Bias -8.736 -2.546 -1.130 -2.120 -3.042 -1.234 

Correlation 0.588 0.532 0.665 0.509 0.614 0.607 
1
PBLUP – Traditional breeding value obtained using phenotypic records 

2
GBLUP – Similar to PBLUP with the exception that genomic relationships are utilized instead of pedigree relationships 

3
HBLUP – Similar to PBLUP with the exception that a combined relationship matrix is computed using both pedigree and  

genomic information 
4
 Model:           , where θ = breeding values predicted from the following models GBLUP, HBLUP, Bayesian LASSO and Student-t  

5
TMT – Total Milking Time; AT – Ascending Time; TP – Time of Plateau; DT – Descending Time; MMF – Maximum Milk Flow; AVGF – Average Flow 
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Figure 4.1 Description of Milk Flow Parameters 

 

TMT – Total Milking Time; AT – Ascending Time; TP – Time of Plateau; DT – Descending 

Time; MMF – Maximum Milk Flow; AVGF – Average Milk Flow 
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Conclusion 
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CONCLUSION 

 

Producers have long recognized the necessity of selecting for traits associate with the 

ease of milk to both increase the animal welfare and reduce the labor costs. Unfortunately 

due to the cost and logistics associated with collecting objective milkability data (i.e. milking 

speed and milk flow) selection for these traits has lagged behind and relied for the most part 

on correlated response for selection on linear traits.  

New technologies have improved our ability to collect milk flow profiles through 

portable devices. Different studies have now estimated milk release parameters in lactating 

cows and their association with udder sanity and increase net profit. Nonetheless, most of 

these studies have relied on small datasets collected for a relatively low number of 

individuals.  

The studies within this dissertation were executed in an effort to increase our current 

knowledge and ability to improve selection for milk flow traits. In chapter 2 a large sample 

representative of the overall Italian Brown Swiss population was investigated. Milk-release 

characteristics of each cow were summarized by few heritable aggregated variables. In the 

study we demonstrated how the use of a set of variables, describing the overall patterns of 

milk removal, represents an advantageous selection strategy over the use of a single variable 

such as average flow. An improved selection strategy including milkability traits is then 

outlined, which should lower management costs, improve udder health, and consequently 

decrease veterinary costs associated with udder infection through indirect favourable 

selection response predicted for SCS and total udder score.  
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In chapter 3 using a set of dense SNP polymorphisms on the same population we 

identified significant markers across six specific milk flow traits. In the study we were able to 

identify 10 regions where 7 QTL were previously identified for milking speed. Significant 

regions were also identified co-locating with udder health QTL (SCC, SCS, or clinical 

mastitis). Other significant regions for each of the traits did not appear to be near any 

previously associated QTL or annotated gene requiring additional investigation to determine 

if these regions capture additional information that would be beneficial in understanding the 

biological mechanisms involved in milk flow. 

In the study specific significant regions were identified for each of the flow measures 

confirming that the inclusion of information on the overall milk flow pattern rather than a 

single milkability measure would be beneficial in decreasing milking time while maintaining 

yield and decreasing SCS.  

Based on results of chapter 3 where a large number of significant markers with small 

effect were identified the ability of genomic selection scheme in the genetic improvement of 

milk flow traits were investigated in Chapter 4. Results showed that breeding values for milk 

flow traits can be estimated from genomic markers with an increase in reliability when 

compared to traditional pedigree based evaluations. It was determined that among all the 

methods evaluated for prediction of breeding values single-step BLUP methods were the 

most successful at increasing the reliability for these traits. This method took full advantage 

of both genotypic and phenotypic information available and could be easily incorporated in 

the current breeding evaluations. Although milk flow is a fairly novel trait and it was 

measured on a relatively small population when compared to other dairy breeds, selection 
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based on single step methods is expected to provide the best response with the most 

flexibility. 

The studies within this dissertation are a comprehensive analysis of milk flow traits 

within dairy cattle. There is sufficient evidence that improvement of milk flow based on 

objective measures is possible. Furthermore, inclusion of genomic information in genetic 

evaluations will increase effectiveness of selection. This will result in an increase in response 

to selection and increase net profit for dairy cattle producers by reducing management and 

health related costs.  

 

 


