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Abstract 

Background Claw diseases and mastitis represent the most important health issues in dairy cattle with a frequently 
mentioned connection to milk production. Although many studies have aimed at investigating this connection 
in more detail by estimating genetic correlations, they do not provide information about causality. An alternative 
is to carry out Mendelian randomization (MR) studies using genetic variants to investigate the effect of an exposure 
on an outcome trait mediated by genetic variants. No study has yet investigated the causal association of milk yield 
(MY) with health traits in dairy cattle. Hence, we performed a MR analysis of MY and seven health traits using imputed 
whole‑genome sequence data from 34,497 German Holstein cows. We applied a method that uses summary statistics 
and removes horizontal pleiotropic variants (having an effect on both traits), which improves the power and unbias‑
edness of MR studies. In addition, genetic correlations between MY and each health trait were estimated to compare 
them with the estimates of causal effects that we expected.

Results All genetic correlations between MY and each health trait were negative, ranging from − 0.303 (mastitis) 
to − 0.019 (digital dermatitis), which indicates a reduced health status as MY increases. The only non‑significant corre‑
lation was between MY and digital dermatitis. In addition, each causal association was negative, ranging from − 0.131 
(mastitis) to − 0.034 (laminitis), but the number of significant associations was reduced to five nominal and two 
experiment‑wide significant results. The latter were between MY and mastitis and between MY and digital phlegmon. 
Horizontal pleiotropic variants were identified for mastitis, digital dermatitis and digital phlegmon. They were located 
within or nearby variants that were previously reported to have a horizontal pleiotropic effect, e.g., on milk production 
and somatic cell count.

Conclusions Our results confirm the known negative genetic connection between health traits and MY in dairy cat‑
tle. In addition, they provide new information about causality, which for example points to the negative energy bal‑
ance mediating the connection between these traits. This knowledge helps to better understand whether the nega‑
tive genetic correlation is based on pleiotropy, linkage between causal variants for both trait complexes, or indeed 
on a causal association.
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Background
In farm animals, the negative side effects of a high pro-
duction performance on animal health has raised con-
cerns regarding the ecological footprint of livestock, 
animal welfare and the farmers’ economy [1–3]. For dairy 
cattle, this implies that an increased milk yield is accom-
panied by increased incidences of diseases, such as mas-
titis or claw diseases and fertility problems. With the aim 
to identify whether this issue is genetically determined 
or related to management deficiencies, geneticists have 
repeatedly estimated the genetic correlations between 
milk production and health traits. Genetic correlations 
can arise because of several reasons, such as linkage 
between causal variants for different traits or horizontal 
pleiotropy [4, 5], i.e., that a genetic variant affects more 
than one trait. Thus, horizontal pleiotropy has to be sepa-
rated from vertical pleiotropy, which describes the phe-
nomenon that a genetic variant affects traits on the same 
causal pathway [6]. In addition, genetic correlations can 
indicate causality [4]. However, a detailed inference about 
causal associations from genetic correlations is not pos-
sible [7, 8].

The gold standard to assess the causal effect of an 
exposure (e.g., a treatment) on an outcome variable 
(e.g., a disease trait) is the randomized control trial 
(RCT). Here, individuals are randomly assigned (“rand-
omized”) to groups categorized by exposure (e.g., treat-
ment/control), which allows to differentiate between 
the effect of the exposure itself and the effect of poten-
tial confounding factors that can also evoke a causal 
association between the exposure and the outcome 
variable [4]. In humans, RCT allowed to confirm that 
low-density lipoprotein (LDL) cholesterol has an effect 
on coronary heart disease [9, 10], which was previously 
suggested in an observational study [11]. In dairy cat-
tle, RCT were performed, e.g., to investigate the eco-
nomic benefit of different voluntary waiting periods 
[12], the effect of homeopathy and teat sealers on mas-
titis [13] or the effects of different preventive methods 
for ketosis, such as the reduction in milking frequency 
[14]. Nevertheless, RCT are not feasible to assess causal 
associations in every setting. For some queries, they 
might be expensive, impracticable, or even unethical. In 
addition, it is impossible to test the association of mul-
tiple interventions on an outcome variable in a RCT [4, 
15]. An alternative is the so-called Mendelian randomi-
zation (MR) analysis, where genetic variants [instru-
mental variables (IV)] are exploited for randomization. 
The advantage of using genetic variants is that they are 
present from conception and remain (approximately) 
unchanged during life. Hence, they are expected to be 
free from confounding factors [4, 15, 16]. Earlier stud-
ies performed MR analyses by using one or only a few 

genetic variants as IV [17, 18], which might result in an 
underpowered MR if the variants have only small effect 
sizes. However, this can be outperformed by analysing 
multiple variants jointly in one analysis [15, 19], e.g., 
by performing a summary-statistics-based MR (SMR, 
[20]), where summary statistics from genome-wide 
association studies (GWAS) are used. Recently, this 
has also been extended to a generalized SMR (GSMR) 
[15], where, linkage disequilibrium (LD) among the 
variants is taken into account since LD results in biased 
MR estimates [19]. Selection of the genetic variants 
that will be adequate and valid IV for obtaining unbi-
ased MR estimates relies on three assumptions [8]: (1) 
the relevance assumption, which implies that a variant 
is strongly associated with the exposure variable, (2) 
the independence assumption that defines a valid IV as 
sharing no common cause with the outcome variable, 
and (3) the exclusion restriction assumption implying 
that the IV affect the outcome only via the exposure, 
i.e., not via horizontal pleiotropy [8, 16].

A broad range of MR analyses have been performed in 
human genetics, where they are facilitated by the public 
availability of large sample size GWAS summary statis-
tics. These MR were able to identify causal relationships 
e.g., between body mass index and coronary heart disease 
[21], vitamin D and mortality [22] or alcohol consump-
tion and heart disease [23]. In contrast, to date only a few 
MR analyses have been performed in livestock genet-
ics. These have investigated e.g., the causal association 
between average daily milk yield and resilience indicator 
traits [24] or between several stature and milk produc-
tion traits and some functional traits, such as somatic cell 
count and fertility [25]. So far, no study has examined the 
causal association of milk production with health traits in 
dairy cows. Thus, our aim was to fill this gap by investi-
gating the causal association of milk yield (MY) with six 
claw health traits and mastitis (MAS). Towards this aim, 
we used a large sample of German Holstein cows with 
imputed whole-genome sequence (WGS) data, consisting 
of 17 million sequence variants. The study was split into 
three parts. First, we estimated heritabilities and genetic 
correlations based on a 50K single nucleotide polymor-
phism (SNP) chip data, to compare the observational 
and causal associations that we expect to identify in our 
sample. Then, we performed a GWAS for each trait to 
generate summary statistics. Finally, these summary sta-
tistics were used in the last step, which consisted of a set 
of MR analyses with MY as the exposure variable and 
each of the health traits as the outcome variable. Here, 
our aim was to investigate the connection between these 
traits in more detail. It is thought that this knowledge will 
reveal whether the negative side effects of high milk pro-
duction in dairy cattle are due to horizontal pleiotropy, 
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confounding factors or indeed to a causal effect of milk 
yield on health traits.

Methods
Material
In this study, we analyzed 34,497 German Holstein cows, 
which had their first lactation between 2015 and 2020. 
This dataset is a subset of a larger dataset, provided by 
the national computing center in Germany (VIT, Ver-
einigte Informationssysteme Tierhaltung w.V., Verden, 
Germany), that we filtered as described in Schneider 
et al. [26]. De-regressed proofs (DRP) with homogeneous 
accuracies of about 0.75 were available for seven health 
traits. They are based on on-farm recording by farm-
ers, veterinarians and claw trimmers of disease cases. In 
addition to mastitis (MAS), the recorded health traits 
comprised the following claw diseases: claw ulcers (CU), 
digital dermatitis (DD), interdigital hyperplasia (IH), 
laminitis (LAM), white line disease (WL) and digital 
phlegmon (PH). It is important to mention that a lower 
DRP for a health trait indicates an unfavorable health sta-
tus. In addition, DRP were available for milk yield (MY). 
An overview of the number of individuals with DRP for 
each trait is in Table 1.

Genotypes
For all 34,497 cows, 50K chip and imputed WGS data 
were available. The 50K chip data were provided by the 
VIT and the imputation is described in Križanac et  al. 
[27]. After filtering out the SNPs located on the sex 
chromosomes and those with a minor allele frequency 
(MAF) lower than 0.01, 44,126 SNPs of the 50K chip 
remained for the analysis. For the imputed WGS vari-
ants, we applied the same filtering criteria but set the 
MAF threshold to 0.05. Moreover, the dosage R-squared 
parameter (DR2) that measures the squared correlation 
between the true and the estimated allele dosage [28] was 

applied to assess the quality of the imputed WGS data. 
Variants were filtered out if the DR2 was lower than 0.75 
[27] and, in total, 16,882,734 imputed WGS variants 
remained for further analysis.

Statistical analysis
First, we performed a univariate variance component 
estimation for each trait with the following mixed lin-
ear model using the GCTA software version 1.92.3 beta3 
[29]:

where, y is the vector of the DRP of each animal, 1 is a 
vector of ones, µ denoting the mean, e is the vector of 
the residuals and g is the vector of the polygenic term 
with Z as the corresponding incidence matrix that links 
the polygenic term to the trait records. It was assumed 
that both g and e follow a normal distribution with 
g ∼ N (0,G50Kσ

2
g ) and e ∼ N (0, Iσ 2

e ) , where I is the iden-
tity matrix and G50K the additive genetic relationship 
matrix (GRM) of the 50K chip. The construction of the 
GRM involved all 34,497 animals and its computation 
was performed using GCTA [30].

Then, we applied the following bivariate model to esti-
mate the variance components for seven trait-combina-
tions, which all consisted of MY ( y1) and one health trait 
( y2):

where µ1 and µ2 denote the means of y1 and y2 with Z1 
and Z2 being the corresponding incidence matrices. The 
variance–covariance-matrix of the respective polygenic 
( g1 and g2 ) and residual ( e1 and e2 ) terms was modeled 
as:

We calculated the heritabilities ( h2 ) and genetic corre-
lations ( rg ) by applying standard notations.

Genome‑wide association study
The imputed WGS data were used to perform a GWAS 
for each trait using mixed linear models that are imple-
mented in GCTA [29]. Three models were applied that 
used different methods to account for population struc-
ture. This was done to ensure sufficient power to detect 
trait-associated signals but also to avoid inflated type I 
errors. The first method included a polygenic term that 
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Table 1 Overview of the traits and the number of individuals 
with deregressed proofs for each trait

h2 : heritability estimates of the traits with their standard errors (SE).

Trait Trait 
abbreviation

Number of 
individuals

h2 (SE)

Claw ulcers CU 27,012 0.153 (0.007)

Digital dermatitis DD 30,056 0.175 (0.007)

Digital phlegmon PH 26,437 0.098 (0.006)

Interdigital hyperplasia IH 30,968 0.153 (0.007)

Laminitis LAM 30,997 0.176 (0.007)

Mastitis MAS 33,298 0.133 (0.006)

Milk yield MY 34,497 0.436 (0.008)

White line disease WL 30,973 0.139 (0.007)
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implemented the full GRM across all chromosomes 
(known as MLMA in GCTA applications). However, the 
MLMA method suffers from a reduced power due to the 
double-fitting of the candidate variants, both in the GRM 
and as fixed effects. Thus, we also applied the so-called 
“leave-one-chromosome-out” (LOCO) method. Here, the 
GRM is adjusted such that the chromosome that harbors 
the candidate variant was excluded from the calculation 
of the GRM [31]. However, it has been shown that the 
LOCO method can generate substantial genomic infla-
tion due to the underestimated relationship between 
individuals because of the missing chromosome in the 
LOCO-adjusted GRM (e.g., [26, 32, 33]). Thus, in addi-
tion, we applied the PC_CHR method that is an exten-
sion of the LOCO approach with the aim to account for 
the reduced informativity of the LOCO-adjusted GRM. 
GCTA was applied to compute 20 principal components 
(PC) for each chromosome using the 50K chip data. 
Then, the PC were included as covariates in the model. 
We applied the PC on a chromosomal level since, in 
contrast to the PC on a genome-wide level, they do not 
include overlapping information with the GRM [33]. All 
three methods applied the following mixed linear model 
that is implemented in GCTA:

where y is the vector of the DRP that were standardized 
to y ∼ N (0, 1) to facilitate the interpretation of variant 
effects. b is the vector of the mean and the fixed effects 
that include the effects of the variants and the 20 chro-
mosomal PC for the PC_CHR method. X denotes the 
incidence matrix that links b to the number of allele 
copies of the variants and of trait records to the covari-
ate effects. g and e are the vectors of the polygenic and 
residual terms, respectively, and followed a normal distri-
bution with g ∼ N (0,G50Kσ

2
g ) and e ∼ N (0, Iσ 2

e ) , where 
either the complete or the LOCO-adjusted GRM was 
applied. Then, we calculated the genomic inflation factor 
�GC to assess the inflation of type I errors by using the 
p-values of the variants to obtain the ratio of the median 
of the observed chi-square test statistics with one degree 
of freedom to the corresponding expected median [32].

Generalized summary‑data based Mendelian 
randomization
In the subsequent MR analysis, we investigated the causal 
relationship between MY and each of the seven health 
traits. For the health traits, we used the summary statis-
tics generated with the MLMA approach and for MY, we 
used the summary statistics generated with the PC_CHR 
method, because these summary statistics resulted in the 
inflation factor values that were closest to 1. Our decision 
relates to the narrow ridge that exists between a lack of 

(4)y = Xb+ g + e,

power to detect causal associations in our dataset due 
to a deflated summary statistic, and an increased type 1 
error rate in the MR analysis due to a substantial inflation 
in the summary statistics [26].

The MR analysis was carried out using the GSMR 
method [15] that is also implemented in GCTA [29]. A 
detailed description of the method is in Zhu et  al. [15], 
but we will give a brief explanation below. Following 
the suggestions of Zhu et  al. [15], the top-associated 
( pGWAS,MY < 5 ∗ 10−8 ) and quasi-independent variants 
after clumping ( r2 < 0.05 ) within a window of 1 Mb were 
selected as IV. We set the number of IV required to per-
form a MR analysis to a minimum of ten.

We defined MY as the exposure ( x ) and each of the 
seven health traits as the outcome ( y ) variable. Then, 
̂bzx(i) denotes the effect of the i-th IV ( z ) on MY and ̂bzy(i) 
the effect of z on y . The key-point and central output 
of the GSMR is the MR estimate ̂bxy that indicates the 
causal effect of the exposure on the outcome variable. For 
the i-th variant, it is calculated as:

For all IV with m as the number of IV, ̂bxy is then 
defined as:

and follows a normal distribution with ̂bxy ∼ N
(

bxy ,V
)

 . 
Thereby, V denotes the variance–covariance matrix of 
̂bxy that contains the LD correlation between the IV [15]. 
Including horizontal pleiotropic variants in the analysis 
would violate one of the initially mentioned IV assump-
tions, i.e., the exclusion restriction assumption [6]. Thus, 
the GSMR approach includes the heterogeneity-in-
dependent-instruments (HEIDI) method that detects and 
removes horizontal pleiotropic variants [15]. The HEIDI 
method is based on the idea that, in the absence of hori-
zontal pleiotropy and if the effect of x on y is causal, ̂bxy is 
only based on the effect of z on y via x and will be identi-
cal for any IV. Briefly, the method consists in computing 
for each IV zi , the deviation di of ̂bxy(i) from ̂bxy(i) at a tar-
get variant ( ̂bxy(top) ). A target IV is defined as the IV that 
shows the strongest association with the exposure vari-
able (MY) in the third quintile of the ordered distribu-
tion −log10(p-value) of ̂bzx . This procedure was applied to 
define the target IV, although the power to detect a hori-
zontal pleiotropic outlier increases, as the association 
with the exposure is stronger. However, variants with a 
strong association are also likely to be horizontal pleio-
tropic variants [15]. Thus, it would not be straightforward 

(5)̂bxy(i) =
̂bzy(i)

̂bzx(i)
.

(6)̂bxy =

{

̂bxy(1),̂bxy(2), ...,̂bxy(m)

}

,
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to use the IV that shows the strongest association with 
the exposure variable as target variant in order to detect 
horizontal pleiotropic outliers. Then, di at the i-th IV is 
defined as di = bxy(i) − bxy(top) with:

where LD among the IV is again considered, which 
implies that the HEIDI method filters for the LD that was 
not already removed by the clumping step [15]. In order 
to obtain the statistical significance of the MR estimate 
( ̂bxy ) and the deviation of ̂bxy(i) from ̂bxy(top) , the test sta-
tistics TGSMR and THEIDI were applied with:

and

(7)var
(

̂d(i)

)

= var
(

̂bxy(i) − ̂bxy(top)

)

,

(8)TGSMR =

̂b2xy

var(̂bxy)
,

(9)THEIDI =

̂d2i

var(̂di)
.

They followed a Chi-square distribution with one 
degree of freedom. We chose two thresholds to declare 
a causal effect ̂bxy as significant, i.e., a Bonferroni cor-
rected threshold of 0.05, corrected for seven tests, (this 
corresponds to an experiment-wide significance) and 
one, without correction, of 0.05 (nominal significance). 
Horizontal pleiotropic outliers were defined as IV that 
significantly ( pHEIDI = 0.01 ) deviate from homogeneity 
[15]. In this study, we applied two MR analyses, one that 
included the HEIDI method (HEIDI) and one that did 
not (noHEIDI). This was done to assess the contribution 
of horizontal pleiotropic variants to the putative causal 
association between the traits.

Results
Estimation of variance components
The heritability estimates of the DRP were moderate to 
low for the health traits and high ( h2 = 0.439) for MY. 
Concerning the health traits, LAM had the highest her-
itability ( h2 = 0.176) and PH the lowest ( h2 = 0.098). 
All health traits were negatively correlated with MY. We 
found a negative high correlation between MY and MAS 
( rg = − 0.303). The weakest correlation was between MY 

Table 3 Horizontal pleiotropic variants that were identified by the HEIDI method

Shown are the chromosome (Chr) and position (in bp) of the variant, together with the effect size ( b ), standard error (SE) and p-value ( pGWAS ) from the association 
study for milk yield and the respective health trait

Chr Position Milk yield Health trait

b (SE) pGWAS Trait b (SE) pGWAS

6 82,842,199 0.055 (0.007)  < 0.0001 MAS − 0.044 (0.012) 0.0002

6 85,526,144 − 0.110 (0.015)  < 0.0001 DD − 0.055 (0.021) 0.0087

6 87,304,351 0.112 (0.008)  < 0.0001 MAS − 0.060 (0.011)  < 0.0001

6 87,719,366 0.093 (0.013)  < 0.0001 DD 0.047 (0.020) 0.0177

14 6,054,352 0.110 (0.011)  < 0.0001 PH 0.038 (0.016) 0.0032

19 17,893,592 0.078 (0.013)  < 0.0001 MAS 0.052 (0.018) 0.0200

Table 2 Genetic correlations and causal associations between milk yield and the respective health trait

Shown are the genetic correlations ( rg) and effect sizes ( ̂bxy ) from the GSMR analysis together with their standard errors (SE) as well as the p-values ( pGSMR ) and the 
number of instrumental variables (N) for the GSMR analysis. The results of the GSMR analysis are shown for the analysis with (HEIDI) and without (noHEIDI) applying 
the HEIDI method

Health trait rg (SE) HEIDI noHEIDI

b̂xy (SE) pGSMR N b̂xy (SE) pGSMR N

Claw ulcers − 0.069 (0.028) − 0.041 (0.021) 0.0494 105 − 0.041 (0.021) 0.0494 105

Digital dermatitis − 0.019 (0.026) − 0.054 (0.021) 0.0094 103 − 0.048 (0.021) 0.0200 105

Digital phlegmone − 0.182 (0.032) − 0.098 (0.020)  < 0.0001 104 − 0.098 (0.020)  < 0.0001 105

Interdigital hyperplasia − 0.106 (0.027) − 0.039 (0.020) 0.0577 105 − 0.039 (0.020) 0.0577 105

Laminitis − 0.082 (0.040) − 0.034 (0.021) 0.0577 105 − 0.034 (0.021) 0.0577 105

Mastitis − 0.303 (0.026) − 0.131 (0.020)  < 0.0001 102 − 0.133 (0.020)  < 0.0001 105

White line disease − 0.088 (0.035) − 0.042 (0.020) 0.0381 105 − 0.042 (0.020) 0.0381 105
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and DD ( rg = −  0.019) (Table  2). A genetic correlation 
was declared to be significantly different from zero if the 
absolute value of the estimate was at least twice the cor-
responding standard error. Following this definition, only 
the trait-combination consisting of DD and MY did not 
reach significance ( rg = − 0.019, SE = 0.026).

Genome‑wide association study
For the health traits, the genomic inflation factors were 
equal to 1.010 (MAS), 1.012 (IH), 1.015 (CU), 1.016 
(DD), 1.031 (WL), 1.032 (PH) and 1.039 (LAM) using the 
MLMA method. These values were close to 1, which is 
why no other GWAS method was applied. In contrast, 
using the MLMA method, we found a strong deflation 
( �GC = 0.900) for MY that became a strong inflation ( �GC 
= 15.157) when the LOCO method was applied. Thus, 
the summary statistics generated with the PC_CHR 
approach ( �GC = 1.569) was subsequently used in the 
GSMR analysis.

Generalized summary‑data based Mendelian 
randomization
After filtering for variants in high LD, 105 variants 
remained as IV for the GSMR analysis of MY and the 

seven health traits. In addition, three variants were 
removed by the HEIDI filtering step in the analysis of 
MY and MAS, two in the analysis of MY and DD and 
one in the analysis of MY and PH. Four of these vari-
ants were located on Bos taurus (BTA) autosome 6, one 
on BTA14 and one on BTA19 (Table 3). The effects of 
almost all the horizontal pleiotropic variants were in 
the same direction for MY and the health trait, with 
only the two variants on BTA6 that affect MY and MAS 
showing an antagonistic effect.

Regarding the causal associations, the causal effects 
̂bxy of MY on any health trait were negative, which indi-
cates a decrease in the DRP for the traits when the DRP 
for MY increases. In the HEIDI analysis, ̂bxy ranged 
from −  0.133 (MAS) to −  0.034 (LAM) and in the 
noHEIDI analysis from − 0.131 (MY) to − 0.034 (LAM) 
(Table 2 and Figs. 1, 2, 3 and 4).

In both analyses, we found a nominal significant 
causal effect of MY on each health trait except for LAM 
and IH and an experiment-wide significant causal effect 
of MY on PH and MAS. The causal effect of MY on DD 
almost reached experiment-wide significance ( pGSMR 
= 0.0094) in the HEIDI analysis. Here, ̂bxy was − 0.054 

Fig. 1 GSMR analysis of the respective health trait and milk yield. Shown are the plots of the effect sizes. For these trait combinations, no difference 
was observed between the analyses that did and the one that did not exclude horizontal pleiotropic variants
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and slightly lower ( ̂bxy = − 0.048) when the horizontal 
pleiotropic variants were not removed (Table 2; Fig. 2). 
For MAS and PH, there was no obvious difference 
between the HEIDI and the noHEIDI analysis (Table 2 
and Figs. 3 and 4).

Discussion
Currently, knowledge about the relationship between 
milk production and health traits in dairy cattle is mostly 
acquired by estimating genetic correlations [2, 3]. How-
ever, there is a substantial difference between correlation 

Fig. 2 GSMR analysis of digital dermatitis and milk yield. Shown are the plots of the effect sizes for the analysis with (left) and without (right) 
filtering for horizontal pleiotropic variants

Fig. 3 GSMR analysis of digital phlegmon and milk yield. Shown are the plots of the effect sizes for the analysis with (left) and without (right) 
filtering for horizontal pleiotropic variants
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and causation. Thus, several human studies have per-
formed MR studies to reveal the causal effect e.g., of 
risk factors on diseases based on genetic variants. To 
date, no MR study has investigated the causal effect of 
MY on health traits in dairy cattle. Thus, we performed 
a MR analysis with MY as the exposure variable and 
the health traits as the outcome variables. To do so, we 
applied a method that uses summary statistics and that 
removes horizontal pleiotropic variants [15]. In addition, 
we estimated genetic correlations using the 50K chip 
data to obtain observational estimates of the connections 
between traits and to compare them with the estimates of 
causal effects from the MR analysis. Of seven trait-com-
binations, we found six significant genetic correlations as 
well as five nominal and two experiment-wide significant 
causal associations. The latter were between the traits 
with the highest genetic correlation. All estimates had a 
negative sign. Moreover, we identified six pleiotropic var-
iants but found no substantial impact of these variants on 
the estimates of causal effects.

Biology
All the genetic correlations, except for that between MY 
and DD, were significant. On the opposite, only two 
experiment-wide significant causal associations were 
found, which were between MY and PH and MY and 
MAS. Interestingly, these traits were also those with the 
strongest genetic correlation with MY (Table 2). Regard-
ing the causal effect of MY on the health traits, it is pos-
sible that the connection between the traits is mediated 

by another trait via vertical pleiotropy. Here, it is impor-
tant to mention that, in contrast to horizontal pleiotropy, 
vertical pleiotropy does not result in instrumental inva-
lidity. This is because in the case of vertical pleiotropy, 
the mediating variable is on the same causal pathway as 
the exposure and the outcome variables [16]. A putative 
mediating variable is the negative energy balance (NEB), 
which is a physiological imbalance that occurs within two 
to three months after calving [34, 35]. In this period, the 
immune system of the animals is suppressed, the level 
of immunocytes is decreased and the level of inflamma-
tory cytokines and reactive oxygen species that damage 
cellular tissue is increased [36]. This shift in the immune 
system can make individuals susceptible to infectious 
diseases, such as MAS or infectious claw diseases. Van 
der Spek et al. [37] defined DD, PH and IH as infectious 
and LAM, WL, and CU as non-infectious claw diseases. 
Indeed, the incidences of DD and PH were found to be 
highest in primiparous cows during the first months after 
calving [38]. Thus, we assume that the experiment-wide 
significant causal associations between MY and MAS 
and between MY and PH and the almost experiment-
wide significant one with DD in this study might be due 
to the NEB as mediating variable. In addition, a nutri-
tional imbalance, such as the NEB, is characterized by an 
insufficient intake of minerals and vitamins. This results 
in the weak formation of the claw horn, which makes 
the individual susceptible to infectious diseases [38]. 
Although IH also belongs to the group of infectious dis-
eases, we did not find a significant causal effect of MY for 

Fig. 4 GSMR analysis of mastitis and milk yield. Shown are the plots of the effect sizes for the analysis with (left) and without (right) filtering 
for horizontal pleiotropic variants
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this claw disease, neither experiment-wide nor nominal. 
A possible explanation would be that a genetic predis-
position is causing IH rather than a causal effect of MY. 
This is based on the results of previous studies, which 
found chromosomal regions [39] and a missense muta-
tion on BTA8 [40] that are associated with IH. Another 
potentially mediating variable is the gut microbiome. 
An effect of the gut microbiome on the immune system 
[41], udder [42, 43] and claw health [44] has already been 
mentioned by several studies. In addition, Monteiro et al. 
[45] reported an association between the level of milk 
production and the microbiome of the rumen as well as 
of the lower gut. Thus, it is possible that an elevated level 
of milk production leads to a change in the gut microbi-
ome, which in turn could result in a deteriorated health 
status of the cows. Finally, a third variable that might 
mediate the effect of MY on MAS is the milking speed 
(MS). Several studies mentioned a positive genetic cor-
relation between MS and MY [46–48] but also an unfa-
vorable genetic correlation between udder health and 
MS [48–51]. Combining these findings, we suggest that 
a higher MY evokes an increased MS and thereby also an 
increased risk to develop mastitis.

We did not observe a large difference between the HEIDI 
and the noHEIDI analysis. This was surprising as horizon-
tal pleiotropy has been reported to be common in humans 
and livestock [52, 53]. An explanation for our findings 
might be that only top associated variants were used as 
IV, which might not be the horizontal pleiotropic variants 
in this case. However, six horizontal pleiotropic variants 
were detected and removed by the HEIDI method, which 
were mostly (four out of six variants) on BTA6 (Table 3). 
Two of them are either located within (BTA6:87304531, 
MY-MAS) or nearby (BTA6:87719361, MY-DD) genes 
that have previously been identified as quantitative trait 
loci (QTL) for longevity [54, 55]. In addition, the variant 
on BTA6 at 87,304,531  bp is located within the NPFFR2 
gene, which is a QTL for mastitis resistance [56], somatic 
cell score, milk, and protein yield [57]. This variant is also 
located nearby the GC gene, which has a horizontal pleio-
tropic effect on milk production and mastitis [58]. A study 
on resilience indicator traits, conducted by Chen et al. [24], 
revealed two regions on BTA6 showing a noteworthy asso-
ciation with some resilience indicator traits. These regions 
are located close to the horizontal pleiotropic variants on 
BTA6. Moreover, the variant on BTA19 at 17,893,592 bp 
that affects MY and MAS, in our study, is located nearby 
the RHBDL3 gene, which was mentioned to have an influ-
ence on a wide range of human diseases like cancer or 
inflammatory diseases [59]. These results from previous 
studies support our findings that the horizontal pleiotropic 
variants, which were identified by the HEIDI method, have 
an effect on MY and several health traits.

Methodology
Another popular method to assess causality are struc-
tural equation models (SEM) [60] that enable the iden-
tification of causal relationships among traits and allow 
for the prediction of one trait by another “upstream” 
causal variable [61]. Recently, they have been extended to 
GWAS-SEM, where the total genetic effects for one trait 
are separated into direct and indirect genetic effects, i.e., 
genetic effects that are mediated by other upstream vari-
ables [62–64]. Thus, SEM provide detailed information 
about causal associations among traits. However, they 
are sensitive to erroneous model specifications, compu-
tationally very complex and require a temporal sequence 
of traits, i.e., that one trait has to occur prior to the other 
one [19]. Thus, we did not apply a SEM in this study.

As for all statistical analyses, a MR also relies on 
untestable assumptions and thus, the inference that one 
can draw depends strongly on the plausibility of the 
assumptions [6]. In the case of a MR, caution has to be 
paid to the choice of the variants as IV, according to the 
three initially mentioned assumptions. In order to meet 
the relevance assumption that relates to the association 
between a variant and the exposure trait, we used only 
strongly associated variants ( pGWAS,MY < 5 ∗ 10−8 ) as IV 
for our analyses. It has been shown that using these vari-
ants ensures the absence of inflation in the test statistics 
under the H0 that bxy = 0 [15]. In addition, applying only 
top-associated variants also helps to avoid weak instru-
ment bias, i.e., that IV have a weak effect on the expo-
sure variable, which would result in low power of the MR 
analysis. Moreover, a weak instrument bias is also attenu-
ated by applying multiple variants instead of only one, 
since they are more likely to explain a larger proportion 
of the genetic variance [16]. Because of this, we applied 
summary statistics for our analysis. Nevertheless, quan-
titative traits are typically polygenic in nature, i.e., they 
are influenced by many variants that all have small effect 
sizes. Thus, applying only the top-associated variants as 
IV neglects this polygenicity, which might hamper the 
detection of causal exposure outcome associations [65]. 
Indeed, it is possible that the absence of causal associa-
tions among all the traits in our analysis is caused by the 
stringent threshold that we set for the definition of IV. 
However, if a variant has a larger effect on the outcome 
variable and a smaller effect on the exposure variable, we 
assume that this variant is less likely suitable for indicat-
ing causality. Instead, this variant is more likely having 
a horizontal pleiotropic effect on both the exposure and 
the outcome variables. Applying horizontal pleiotropic 
variants as IV would violate the third IV assumption, 
i.e., the exclusion restriction assumption [16]. Hence, we 
decided to apply only the top-associated variants as IV. 
Moreover, the power of a MR analysis depends strongly 
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on the power of the underlying GWAS, the summary sta-
tistics of which are used in the MR. Thus, our aim was 
to apply a large sample size to our GWAS which results 
in greater power to detect significantly associated vari-
ants. It has also been shown that the power of a GWAS 
benefits from the application of sequence rather than 
SNP chip data [66]. On the downside, an increased sam-
ple size can also evoke inflated false positive associations 
[67–69]. A metric to identify genomic inflation is the 
genomic inflation factor, where a value below 1 points to 
a deflation and a value above 1 points to an inflation in 
the GWAS signals. Acceptable values are below 1.5 [32]. 
In order to avoid both, a weak instrument bias and an 
inflation in the MR estimates caused by an inflated sum-
mary statistic, we decided to proceed with the summary 
statistics for each trait that had a genomic inflation fac-
tor closest to 1. Hence, we applied the summary statistics 
from the MLMA method for the health traits, whereas 
this method was deflated for MY. By applying the LOCO 
method, we found a strong inflation for MY, which made 
it necessary to apply the PC_CHR method to generate 
a summary statistic with a suitable genomic inflation. 
Including PC as covariates in addition to the GRM in 
GWAS has already been implemented in other studies on 
livestock to mitigate the effect of population stratification 
as a strong confounding bias [26, 32, 33].

An important aspect is the interpretation of the MR 
results in our study. MR estimates are meant to deliver 
credible causal associations between exposure and out-
come variables [15] and relate to genetically-induced 
effects of the exposure on the outcome variable [6]. 
Genetic variants are fixed at conception. Hence, they 
indicate long-term effects of elevated levels of the expo-
sure variable and cannot be understood as alterations in 
the outcome that one can expect by an intervention on 
the exposure variable at a specific time in life [6, 8, 16]. 
This hampers a quantitative inference from levels of e.g., 
LDL or vitamin D that are typically measured at a cer-
tain time in life. However, we used DRP as phenotypes 
in our study, which do not relate to a specific time. Thus, 
the causal effect of MY on MAS ̂bxy = −  0.1309 indi-
cates that an increase by one standard deviation (SD) of 
the DRP for MY results in a decrease by 0.1309 SD of the 
DRP for MAS. Thus, it is important to keep in mind that 
MR relies on untestable assumptions and the credibility 
of the results depends strongly on the plausibility of these 
assumptions. As already mentioned, our aim was to pay 
attention to fulfilling these assumptions, e.g., by applying 
strongly associated genetic variants as IV or by removing 
horizontal pleiotropic variants. However, we believe that 
the inference one draws from ̂bxy should be understood 
rather qualitatively than quantitatively, also because the 

DRP themselves are obtained from estimations that rely 
on statistical assumptions.

Several methods to perform a MR analysis have been 
developed and are reviewed for example in Davies et al. 
[16], Slob and Burgess [70], and Burgess et al. [6]. They 
differ e.g., in the assumptions they make about instru-
mental invalidity and the way they account for horizon-
tal pleiotropy. It has been mentioned that causal effects 
can be verified by applying various methods [6, 70]. 
However, we decided not to apply any other method 
than the GSMR because (1) it accounts for LD among 
variants, (2) it has been found to be not or only little 
affected by undetected horizontal pleiotropy, and (3) 
it outperforms other methods regarding the power 
to detect causal effects. The latter feature is based on 
the fact that GSMR takes the sampling variance in ̂bzy 
and ̂bzx into account as opposed to other methods [15]. 
Hence, we aimed at verifying the causal effects that 
were found in this study by means of a reverse MR anal-
ysis using the health traits as the exposure and MY as 
the outcome variable. Thus, the causal effects of MY on 
the health traits would have been verified if the corre-
sponding reverse causal effects were negligible. Unfor-
tunately, it was not possible to perform a reverse MR 
analysis because too few, i.e., less than ten, IV remained 
after filtering for LD among the variants. Thus, further 
studies are required to validate the causal association of 
MY especially with MAS and PH in other datasets.

Finally, a limitation of our study is that it is a one-
sample MR, which means that the summary statistics 
for the outcome and exposure variables were gener-
ated using the same sample. This makes environmen-
tal confounding more likely to occur. Environmental 
confounding implies that genetic causal associations 
between the exposure and outcome variables are cor-
related in the direction of a confounding association 
between these two, which induces an increased type I 
error rate of the MR estimates [6]. However, whereas 
human geneticists can benefit from a huge range of 
publicly available summary statistics, this is not the 
case in animal genetics. Hence, we decided to pro-
ceed with the summary statistics that we generated 
ourselves and aimed at minimizing confounding by 
applying DRP in the GWAS. The DRP originated from 
the national breeding value estimation in Germany, 
where environmental factors are corrected for by using 
fixed effects as well as by applying a test-day random-
regression model for MY [71]. Another limitation is 
that a one-sample setting might suffer from the effect of 
the winner´s curse, i.e., that genetic associations tend 
to be overestimated in the dataset in which they were 
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first discovered. This again might induce a weak instru-
ment bias if the true association is much lower than the 
over-estimated one [6]. In general, these limiting fac-
tors can cause an inflation in MR estimates. However, 
we observed that only two of seven health traits showed 
an experiment-wide significant causal association with 
milk yield and believe that this confirms the credibility 
of our results.

Conclusions
Exploiting the large sample size and sequence data to 
achieve sufficient statistical power in this study enabled 
us to more deeply investigate the genetic connection 
between  milk yield and health traits in German Hol-
stein. Regarding the generation of the summary statis-
tics, our results confirm the need to include PC in the 
GWAS for milk yield to avoid substantial genomic infla-
tion caused by population stratification. Moreover, an 
experiment-wide significant negative causal association 
was found between MY and digital phlegmon as well as 
between MY and mastitis and a nominal significant neg-
ative causal association between milk yield and almost 
each health trait except for interdigital hyperplasia and 
laminitis. This indicates the long-term negative impact 
of a genetically driven high milk yield on animal health. 
However, this causal association still requires to be vali-
dated using other samples. Not only the causal associa-
tions but also the genetic correlations were all negative. 
We assume that the causal association between MY and 
these health traits might be due to another mediating 
variable, such as the NEB. In the MR analysis, horizon-
tal pleiotropic variants that affected both, MY and the 
health traits, were identified and removed using a filter 
step that is implemented in the GSMR method, which 
we used for our analysis. Interestingly, the difference 
between estimates of causal effects with and without 
horizontal pleiotropic variants was negligible. Our find-
ings support the potential of investigating causal associa-
tions between economically important traits in livestock 
by applying a MR analysis in order to unravel these rela-
tionships between traits in more detail, and to better dif-
ferentiate between their causal associations, the effect of 
horizontal pleiotropic variants affecting both traits and 
linkage between QTL.
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