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  ABSTRACT 

  Mastitis remains the most important health issue 
in dairy cattle. Improved methods to identify cows 
developing subclinical mastitis would benefit farmers. 
We herein describe a novel method to determine the 
somatic cell counts (SCC) of individual cows by bulk 
genotyping a sample of milk from the milk tank with 
panels of genome-wide single nucleotide polymorphisms 
(SNP). We developed a simple linear model to estimate 
the contribution of individual cows to the genomic DNA 
present in the tank milk from 1) the known genotypes 
of individual cows for the interrogated SNP and 2) the 
ratio of SNP alleles in the tank milk. Using simulations, 
we estimate that 3,000, 50,000, and 700,000 SNP are 
sufficient to accurately (R2 > 0.98) estimate individual 
SCC in tanks containing milk from 25, 100, and 500 
cows, respectively. Using actual data, we demonstrate 
that the SCC of 21 cows can be estimated with a co-
efficient of determination of 0.60 using approximately 
9,000 SNP. The proposed method increases the value of 
the proposition of SNP genotyping individual cows for 
genomic selection purposes. 
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  INTRODUCTION 

  Mastitis is generally regarded as the most important 
health issue in dairy farming. Costs to the farmer result 
from treatment, decreased milk yield and value, and 
culling. In the Netherlands, the annual cost of mastitis 
to farmers has been estimated at approximately 80 eu-
ros per cow per year (Hogeveen et al., 2011). 

  One often distinguishes clinical from subclinical mas-
titis. Mastitis is said to be clinical when resulting in 
either milk or udder anomalies that are manifest to the 

farmer. Subclinical mastitis is defined as the presence 
of microorganisms in combination with elevated SCC 
in the milk; 200,000 cells/mL is often used as the SCC 
cut-off value (Reneau, 1986; Dohoo and Leslie, 1991; 
Schukken and Kremer, 1996). Subclinical mastitis is 
costly on its own because of its negative effect on milk 
yield, which decreases log linearly with SCC (Tyler et 
al., 1989). 

  At present, the control of mastitis is primarily driven 
by the detection and treatment of clinical mastitis. 
More effective detection of subclinical mastitis would 
be a valuable addition to mastitis control. In most cir-
cumstances, SCC for individual cows are only measured 
periodically (typically every 4–6 wk), precluding close 
monitoring of the udder health status of individual 
cows. Advanced versions of milking robots will preco-
ciously detect changes in conductivity or even SCC, yet 
automatic milking has been associated with a decrease, 
rather than an improvement, in udder health (Hovinen 
and Pyörälä, 2011). Thus, novel approaches to monitor 
SCC of individual cows could be a benefit to the sector. 

  We herein propose a method that allows determina-
tion of SCC for individual milking cows (and, hence, 
detection of cows with subclinical mastitis) by genotyp-
ing a sample of milk from the farm’s tank for a panel 
of SNP. At present, 3 favored bovine SNP panels are 
available, including approximately 3,000 (3K), 50,000 
(50K), and 700,000 (700K) SNP distributed across the 
genome. All of these are developed and commercialized 
by Illumina Inc. (San Diego, CA; www.illumina.com). 
The proposed method assumes that individual geno-
types for the same SNP are available for all cows on the 
farm. As genomic selection is becoming common prac-
tice in dairy cattle, an increasing proportion of the cow 
population is being SNP genotyped. As an example, in 
the spring of 2011, more than 85,000 Holstein-Friesian 
animals had been genotyped with one of the SNP ar-
rays mentioned above in the United States alone. The 
majority of these were females and their proportion was 
rapidly increasing with time. We anticipate that farms 
in which all cows will be SNP genotyped will be com-
monplace in the near future. 
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MATERIALS AND METHODS

Method

Assume a dairy farm with n cows and that the vol-
ume of milk contributed by cow i to the milk tank is 
known (as it is often in reality) and equals vi. Next, as-
sume that the SSC per liter of milk contributed to the 
tank by cow i is ci and that all cows on the farm have 
been genotyped for an array interrogating m SNP. As-
sume that gij is an indicator variable for the genotype 
of cow i for SNP j (taking a value of 0 for genotype AA, 
0.5 for genotype AB, and 1 for genotype BB). Also, 
assume that a sample of DNA extracted from the milk 
tank has been genotyped with the same array, and that 
the estimated proportion of allele B of SNP j in the 
milk sample is fj. The proposed method stems from the 
realization that one can determine the proportion of ge-
nomic DNA (and, hence, somatic cells) contributed by 
each cow to the genomic DNA present in the tank milk 
by confronting the SNP genotypes of individual cows 
with the ratios of SNP alleles in the tank milk. More 
specifically, the proportion of somatic cells contributed 
by cow i to the tank (pci), can be estimated from a set 
of m linear equations of the form

 f pc gj i ij ji
n

= × +
=∑ ε
1

 

by minimizing

 SSE jj
m

=
=∑ ε
1
. 

where εj is the error term in estimating fj, and SSE is 
the sum of squared errors for all SNP. From the ob-
tained pci values, one can then determine the SCC per 
liter for cow i relative to the rest of the herd (rci) as

 rc pc pv c ci i i i= = , 

where pvi is the known proportion of the tank’s volume 
contributed by cow i and c  is the average SCC per liter 
in the herd. If c  is known (it can be measured in the 
milk tank), the absolute SCC per liter for cow i can be 
computed from rci.

Simulated Data

We simulated farms with 25, 100, and 500 cows. The 
cows’ daily milk production (L/d) was assumed nor-
mally distributed with a mean of 30 L and standard 
deviation 0.2 L. Somatic cell counts per liter were as-
sumed to be proportional (× 8 × 106) to a chi-squared 

distribution (2 df). We assumed the use of SNP ar-
rays with 3,000, 50,000, or 700,000 SNP, corresponding 
closely to presently available commercial products. Al-
lelic frequencies were assumed to have a uniform distri-
bution. Cows were assumed to have genotypes for each 
SNP (in practice, missing values would be filled in by 
imputation). Estimates of B-allele proportions (0 < f < 
1) in the tank milk were assumed normally distributed 
around the true frequency with residual standard error 
of 0.05.

Actual Data

We collected a sample of milk from a tank containing 
known quantities of milk (mean: 29.5 L; SD: 5.3 L) 
contributed the same day by 21 cows that had been 
previously genotyped using either of 2 custom-made 
~50K Illumina arrays (Charlier et al., 2008). Individual 
SCC were determined on the same day for each cow 
using a Fossomatic FC instrument (Foss A/S, Hillerød, 
Denmark). The DNA was extracted from the milk 
sample using standard procedures and genotyped with 
the Illumina BovineSNP50 genotyping BeadChip (Ma-
tukumalli et al., 2009). Estimates of B-allele frequencies 
were directly obtained from the BeadStudio software 
package (Illumina Inc.). We also had SNP genotypes 
for 19 cows from the same farm that did not contribute 
milk to the tank.

To calibrate the relationship between B-allele fre-
quency as computed with BeadStudio, and actual B-
allele proportion (fj in the Methods section), we took 
advantage of DNA samples available for 95 Dutch 
Holstein-Friesian samples that had previously been 
genotyped with the Illumina BovineSNP50 genotyp-
ing BeadChip (Matukumalli et al., 2009). The DNA 
concentrations were estimated as the average of 2 in-
dependent fluorometric measurements performed using 
PicoGreen (Life Technologies, Carlsbad, CA) accord-
ing to the instructions of the manufacturer. We mixed 
equal volumes of DNA solutions from the 95 sires and 
genotyped the resulting DNA pool using the Illumina 
BovineSNP50 genotyping BeadChip. The relationship 
between 1) BeadStudio-derived B-allele frequency 
and 2) B-allele proportion computed from the known 
SNP genotypes and DNA concentrations of the sires is 
shown in Supplementary Figure 1 (available online at 
http://www.journalofdairyscience.org/) for 45,248 SNP 
with complete genotype data across the 95 sires. The 
correlation between both measures was 0.98, yet depar-
ture from linearity was obvious. We, therefore, adjusted 
the relation by fitting local (i.e., for each SNP) linear 
regressions based on 3,000 left- and 3,000 right-sided 
neighboring SNP (corresponding to frequency ranges 
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of ~7.5%). BeadStudio-measured B-allele frequencies 
were converted to adjusted fj using the SNP-specific β0 
(intercept) and β1 (slope) estimators (Supplementary 
Figure 1, available online at http://www.journalof-
dairyscience.org/). Mean square errors averaged 0.005, 
corresponding to a residual standard deviations of 0.07 
(i.e., comparable to the values used in the simulations). 
Statistical analyses were conducted in R software (R 
Foundation for Statistical Computing, Vienna, Aus-
tria).

RESULTS

Simulated Data

Figure 1 shows representative examples confronting 
actual and estimated SCC. Predictions were very ac-
curate with coefficient of determination >0.98 (i.e., R2 

= proportion of the variance of true SCC accounted 
for by predictions) with 3K or more SNP for 25 cows, 
50K or more SNP for 100 cows, and 700K SNP for 500 
cows. Predictors appeared unbiased under all tested 
conditions. Thus, our simulations indicated that bulk 
genotyping of tank milk could be effective for SCC 
monitoring of individual cows, including identification 
of cows with increased SCC, indicative of subclinical 
mastitis.

We explored the possibility of determining whether 
specific cows did or did not contribute milk to the tank; 
we evaluated the statistical significance of individual 
cow effects (pci) using a standard t-test. Supplementary 
Figure 2A (available online at http://www.journalof-
dairyscience.org/) shows representative examples of 
frequency distribution of the statistical significance 
[−log(p)] of the pci for cows that did contribute milk 
to the tank. For approximately 80% of the cows, P-

Figure 1. Simulated data. Representative examples of the relationship between actual SCC and predictions based on SNP genotyping of a 
sample from the tank milk. Evaluated scenarios consider 25, 100, and 500 cows genotyped for 3,000 (3K), 50,000 (50K), or 700,000 (700K) SNP. 
Color version available in the online PDF.
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values were ≤0.0001 when using arrays interrogating 
≥3K SNP for herds with 25 cows, ≥50K SNP for herds 
with 100 cows, and ≥700K SNP for herds with 500 
cows. As expected, P-values were strongly and inversely 
correlated with the proportion of SCC contributed by 
a given cow to the milk tank (data not shown). By 
comparison, the frequency distribution of correspond-
ing P-values for cows that did not contribute milk to 
tank (added 1 at a time in the model), largely followed 
the uniform distribution expected under the null hy-
pothesis, despite a slight excess of low P-values (2-fold 
excess of P-values <0.01, including 3-fold excess of 
P-values <0.001; Supplementary Figure 2B, available 
online at http://www.journalofdairyscience.org/).

Actual Data

We selected 8,696 SNP (1) that were interrogated 
by the 3 SNP panels used and (2) for which genotype 
information was complete for all 40 analyzed cows 
(21 that did contribute milk to the tank and 19 that 
did not). Supplementary Figure 3 (available online at 
http://www.journalofdairyscience.org/) shows the dis-
tribution of minor allele frequencies in the actual data 
set for these 8,696 SNP. The distribution was fairly 
uniform, hence comparable to the simulated SNP sets.

Figure 2 shows the relation between measured SCC 
and SSC estimated from the adjusted B-allele propor-
tions (fj) in the pooled milk sample. The correlation 
was highly significant (P < 0.0001; R2 = 0.60), yet 
lower than in equivalent simulated data sets. We then 
evaluated our ability to distinguish cows contributing 
milk to the tank from those that were not. The P-values 
associated with pci were ≤10−4 for all cows contribut-
ing milk, except the one with lowest SCC (10,000/mL; 
P = 0.006). However, when adding cows that did not 
contribute milk to the tank one-by-one in the linear 
model, the P-value of the corresponding regression co-
efficients (pci) was ≤0.0025 (i.e., a Bonferroni-corrected 
5% threshold) for approximately one-third of the cows 
(Supplementary Figure 4, available online at http://
www.journalofdairyscience.org/).

DISCUSSION

In this work, we present a novel approach for deter-
mining SCC for individual cows by genotyping a sam-
ple of milk from the milk tank (i.e., without having to 
perform a separate measurement for each animal). The 
method presupposes that individual SNP genotypes are 
available for each cow. This will increasingly correspond 
to reality as (1) genotyping costs continue to drop and 
(2) applications of genomic selection extend to cows.

The method proved effective using both simulated 
and actual data. Not unexpectedly, for comparable 
scenarios in terms of number of cows and SNP, the co-
efficient of determination was considerably better with 
the simulated than with the actual data. Several factors 
could contribute to this discrepancy, including (1) inac-
curacies in counting somatic cells in actual samples; 
(2) absence of linkage disequilibrium between simulated 
SNP, leading to an overestimation of the informative-
ness of the simulated SNP sets; and (3) relatedness 
between actual but not simulated cows. For all of these 
reasons, application of the proposed method in the field 
would certainly benefit from maximizing the number of 
SNP used to compensate for propagation of inaccura-
cies from various sources.

The SNP genotypes of the individual cows could either 
be actual genotypes or—assuming that the SNP panel 
used on the tank milk is not identical to that used on 
the cows—imputed genotypes. Methods for genotype 
imputation are well established and particularly effec-
tive in livestock, as close relatives are often genotyped, 
allowing exploitation of Mendelian and within-family 
linkage information in addition to population-wide 
linkage disequilibrium information. Alternatively, it 
might be possible to impute allelic frequencies for the 
tank milk at missing SNP positions from the allelic 
frequencies measured at flanking markers and from the 
known linkage disequilibrium structure in the herd of 
interest. The effect of genotype (frequency) imputation 
on the precision of the proposed method will have to 
be evaluated.

In Belgium, SCC is typically evaluated approxi-
mately 10 times per year at a cost of approximately 
€25 per cow per year. In a farm with 100 cows, this 
amounts to approximately €2,500 per year. At the pres-

Figure 2. Actual data. Relationship between measured SCC and 
SCC estimated by SNP genotyping milk from a tank including milk 
from 21 cows. Color version available in the online PDF.
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ent price, this corresponds to >50 analyses with a 50K 
SNP array, and >15 analyses with a 700K SNP array. 
Thus, the argument can be made that, even today, the 
proposed methodology is price competitive.

Analyzing DNA extracted from tank milk will become 
increasingly useful and cost effective as other applica-
tions are becoming available. Monitoring the milk’s mi-
crobiome, including detection of putative pathogens, by 
means of high-throughput sequencing of, for instance, 
16S rRNA amplicons is certainly one application that 
is virtually immediately practical.

We explored the possibility of determining whether 
specific cows did or did not contribute milk to the tank. 
This might, for instance, be useful to monitor the re-
spect of exclusion of milk from treated cows to the tank. 
Related applications have previously been evaluated in 
the context of human genetics (Homer et al., 2008). In 
this study, we used the statistical significance of the 
cow-specific pci regression coefficients (measured using 
a standard t-test) as an indicator of the presence or 
absence of milk of a specific cow in the pool. Although 
specificity and sensitivity appeared satisfactory with 
the simulated data, this was not the case with actual 
data. The reasons underlying this discrepancy could be 
multiple and are presently being examined.

In summary, we herein describe the principles and 
demonstrate the feasibility of a novel approach to de-
termine SCC of individual cows that has the potential 
to be a valuable addition to the arsenal of methods to 
control mastitis including subclinical.
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