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Abstract

Optimization of production factors plays a central role in efficient milk production operations.
Causal relationships between production parameters (health, fertility, feeding, performance
and farm size) on the one hand and efficiency parameters on the other have been identified
in several studies. In recent years, structural equation modelling (SEM) has not only gained
importance in agriculture but also in milk production, providing the opportunity to investi-
gate multilateral relationships. Additionally, SEM enables an estimation of parameters which
are not themselves measurable, the so-called latent variables. The current study was based on
the data of 943 branch settlements (including the years 2012 and 2013) of dairy farms keeping
German Holstein cows in Schleswig-Holstein (Northern Germany) which provided a combin-
ation of the structural parameters, economic parameters and biological performance of the
farms. An SEM using this combined data was applied to investigate the complexity of
influences on efficiency parameters in milk production. Efficiency was sub-divided into
and evaluated by two effect variables (economic efficiency and biological efficiency).
Economic efficiency was defined as a conventional efficiency assessment criterion from
full-cost accounting, whereas biological efficiency was used to evaluate the quality of herd
management. Performance was identified as the key parameter for independent evaluation
of efficiency by assessing biological (γ41 = 0.644) or economic efficiency (γ42 = 0.266). The
SEM explained more than three times higher proportion of the variance in biological effi-
ciency than in economic efficiency. The investigation proved the eligibility of partial least
squares SEM for the evaluation of efficiency in milk production.

Introduction

The volatility of milk prices is a challenge for dairy farmers leading to financial struggles, as
proved once again by the milk crisis in 2016. Consequently, in order to operate efficiently,
dairy farmers have to focus on optimizing their production factors. International studies
have revealed a direct or indirect causal relationship between specific production parameters
and efficiency parameters. Stankov et al. (2015) detected a positive correlation between milk
yield and profit (r = 0.72) and between farm size and profit (r = 0.72). In previous efficiency
studies (MacDonald et al., 2007), with increasing herd size, the total costs of production fell
and the net return rose, while the largest farms had the lowest total feeding costs. Thus, for
dairy production, economies of scale seem to play an important role, meaning that for farmers
who produce efficiently, costs decline as output expands (Mathijs and Swinnen, 2001; Steinfeld
et al., 2006; MacDonald et al., 2007). Furthermore, reproductive efficiency also affects dairy
farm profitability (De Vries, 2006). This is because cows in well-managed herds have longer
productive lifetimes. Also, in herds with higher reproduction rates, fewer replacement animals
are needed (Knapp et al., 2014). According to Groenendaal et al. (2004) and De Vries (2006), a
reduction in days open beyond the optimum could also improve dairy profitability. Not only
does fertility itself play an important role in dairy farming profitability but problems concern-
ing fertility very often occur due to the health problems of individual cows or the whole dairy
herd. Disease results in high costs for farms, not only because of the costs of vets and medi-
cation but also due to loss of performance. In the studies of Kvapilik et al. (2015), mastitis was
responsible for a 14% increase in medication and curing costs and for 53% lower revenues
from milk sales compared with healthy cows. For lame cows, test-day and peak lactation
milk yield decreased by 2 kg/day/cow (Mitev et al., 2011). From the efficiency point of
view, decreasing mortality and morbidity rates are decisive for dairy farmers, because animals
which die or have to be culled before their first lactation use a significant amount of energy
and resources (e.g. feed and work) without producing marketable food. Furthermore, half
of the overall costs of a milk production system are feed costs (Moran, 2005). In this case,
not only does cost efficiency plays a role but also resource efficiency, i.e., using the lowest
number of inputs to create the greatest number of outputs (Lagomasino et al., 2010). In
dairy farming, herd management is the key factor which determines resource efficiency.
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The role of herd management is particularly important in inten-
sive farming systems. Approximately 45–50% of the increase in
milk yields under intensive management has been achieved
through improvements in management practices (Hansen, 2000;
VanRaden, 2004; Shook, 2006). Herd management observes and
evaluates a complex set of parameters that influence each other,
including fertility, health, feeding and performance. Therefore, a
method is required to model the relationships between the afore-
mentioned variables, taking into account the multi-dimensional
nature of the interactions.

Regression analysis is a common tool to conduct efficiency
studies, but this method only investigates unilateral relations
(Klarmann, 2008). Partial least squares structural equation mod-
elling (PLS-SEM), first generated by Wright (1921), enables an
estimation of parameters which are not themselves measurable,
the so-called latent variables (Hair et al., 2014). Structural equa-
tion modelling (SEM) has increased in popularity for multigroup
analysis, not only in agriculture (Lamb et al., 2011; Valente et al.,
2013) but also in milk production (de los Campos et al., 2006;
Heringstad et al., 2009). Thus, in the current study, SEM was
investigated as an alternative method for the estimation of com-
plex interactions between the latent variables relating to herd
management in milk production. Moreover, interactions were
investigated between the variables determining efficiency (cause
variables) as well as the role of these cause variables in increasing
this efficiency.

Materials and methods

Data origin and data structure

The data for the current study originate from the cattle advisory
board of the ‘Chamber of Agriculture Schleswig-Holstein’ and
are based on the annual branch settlements of individual farms.
The data set contains structural parameters (e.g. average stock
size, farm area) and economic parameters (e.g. labour costs,
feed costs, net return). Information on biological performance
(e.g. milk yield, age of first calving, replacement rate) is also
included. The current study was based on data from a total of
943 branch settlements of dairy farms in Schleswig-Holstein
(Northern Germany): 480 data sets originated from the marketing
year 2012 and 463 from 2013. To avoid breed-related influences
on the performance, only farms keeping German Holstein cattle
were included in the study. Table 1 shows the structure of the
data set. The farms had an average stock size of 128 cows, with
a range between 28 and 540 cows per farm. The area for feed pro-
duction was 96 ha on average, ranging from 22 to 359 ha. The
farms had an energy-corrected milk yield (ECM) ranging from
4636 to 11 702 kg/cow/year and between 2002 and 5770 kg milk
yield from roughage/cow/year. Net return, which is used as a
measure of economic efficiency in the SEM, ranged from −26.7
to 9.8 ct/kg ECM. The values for life efficiency, which are used
as a measure of biological efficiency, ranged from 5.8 to 20.0 kg
ECM/day of life.

General scheme of a structural equation model

An SEM is a construct of different types of variables, which illus-
trates and calculates relationships between them. It distinguishes
between latent variables, which are not themselves measurable,
and measurement variables, which enable an estimation of the
latent variables. An SEM consists of two parts: the structural

model and at least two measurement models (Fig. 1). A measure-
ment model consists of a set of measurement variables which
together characterize a latent variable respectively. The structural
model represents the relationships between the latent variables (ξ,
η), which are characterized as arrows connecting each other (path
coefficients, γ). There is a distinction between two types of latent
variables: latent cause variables and latent effect variables. Thus,
in an SEM, a set of cause variables influences one or more effect
variables. The latter are within the scope of the current study.
Also, cause variables have to be distinguished into endogenous
(dependent) and exogenous (independent) cause variables. This
implies that endogenous cause variables are also influenced by
other latent variables, whereas exogenous variables are not
influenced by other latent variables. Therefore, the coefficient of
determination (R2) is only calculated for endogenous but not
for exogenous variables.

Data preparation and determinations for the model

In the first step, key areas for the cause and the effect sides of the
model had to be defined. Since efficiency is within the scope of
the current study, efficiency was set at the effect side (η) and sub-
divided into the complexes biological efficiency (η1) and eco-
nomic efficiency (η2). Biological efficiency was used to evaluate
the quality of herd management. Economic efficiency was defined
as the variable evaluating cost-related parameters from marginal
and full-cost accounting. In the next step, the most important
areas determining efficiency had to be identified to define the
latent variables of the cause side (ξ). These areas were supposed
to play a role in both the economic evaluation and evaluation
of herd management. Health (Mitev et al., 2011; Kvapilik et al.,
2015), fertility (Groenendaal et al., 2004; De Vries, 2006; Knapp
et al., 2014) and feeding (Moran, 2005) are the fields most
recently mentioned in the literature to be of relevance for effi-
ciency in milk production. As all these three fields have an influ-
ence on the performance of dairy cows, performance was also
added as a field influencing efficiency (Stankov et al., 2015). In
other efficiency studies (Mathijs and Swinnen, 2001; Steinfeld
et al., 2006; MacDonald et al., 2007), economies of scale played
a role in the efficiency of dairy farms, which means that for farm-
ers who produce efficiently, costs decline as output expands.
Thus, in the current study, farm size needed to be examined as
a cause field (Stankov et al., 2015) in addition to health, fertility,
feeding and performance. Emanating from that, each of the five
cause variables was connected to each of the two effect variables
using an arrow pointing from the cause to the effect variable,
respectively. Based on the literature review (see above), additional
relationships were determined between the five cause variables as
well as the direction of causality for every single relationship.
Furthermore, an influence of biological efficiency on economic
efficiency was hypothesized, to be investigated by the SEM.

The software package SAS® 9.4 was used for data cleansing and
for the calculation of descriptive statistics. The SAS® procedure
PROC PLS (SAS Institute Inc., 2008) was applied to plot the vari-
able importance of 30 variables (structural parameters, economic
parameters and biological performance) according to their rele-
vance for both biological and economic efficiency. The variable
importance of projection score (VIP) summarizes the contribu-
tion a variable makes to the investigated model. The threshold
for the VIP was set at ⩾0.8, hence, variables with values below
that threshold have an insignificant influence on the model
(Wold, 1994). Based on the results of the VIP, the following
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decision rules were developed to decide on the selection of meas-
urement variables for the respective latent variables step by step
and by following the order of precedence mentioned:

(1) The results of VIP using PROC PLS in SAS (⩾ 0.8) are
assessed.

(2) If two parameters are available which measure a similar phe-
nomenon, only the one with the higher VIP is chosen.

(3) The variable has to have <0.15 of missing values, following
the advice of Hair et al. (2014).

(4) There has to be a range of at least 0.30 between the minimum
and maximum values within a measurement variable.

(5) Cost-related parameters are only allowed as effect variables,
not as cause variables.

Based on the results of the VIP and the decision rules mentioned
above, in the next step, the selected measurement variables were
allocated to the corresponding latent variables. Therefore, two
to three measurement variables were used to estimate the respect-
ive latent variable. In three cases (health, fertility and feeding), a

Fig. 1. Scheme of a simplified structural equation model (modified after Nitzl, 2010). Circles represent latent variables (ξ, η), rectangles represent measurement
variables. Arrows between circles represent relationships between latent variables (path coefficients, γ). Arrows between circles and rectangles represent indicator
reliabilities (of the respective measurement variables, λ). See Fig. 2 for a detailed description of the structural equation model in this study and further explanations
of the investigated relationships.

Table 1. Descriptive statistics of the data set (the measurement variables are average values of the farms)

Measurement variable Unit Mean value Standard deviation Minimum Maximum

Cow losses % 4 2.9 0.4 24.0

Calf losses % 11 5.9 0.8 45.8

Replacement rate % 32 8.7 10.4 58.9

Age of first calving mth 29 2.7 24.0 40.0

Calving interval d 409 21 350 500

Coverage of energy requirements % 105 8.3 73 157

Use of concentrates g/kg ECM 292 43.6 109 490

ECM kg 8586 991.0 4636 11 702

ECM/area for feed production kg/ha 13 066 3595.5 5183 31 617

Average stock size pcs 128 76.8 28 540

Farm area ha 96 46.2 22 359

Annual milk amount kg ECM 1 107 558 692 488.4 168 118 5 132 060

Life efficiencya kg ECM/day of life 13 2.1 5.8 20.0

Milk yield from roughage kg ECM 3554 732.2 2002 5770

Income over feed cost ct/kg ECM 24 3.6 15.2 30.0

Milk price ct/kg 37 3.6 29.1 46.5

Net return ct/kg ECM −2 5.7 −26.7 9.8

ECM, energy-corrected milk yield.
aLife efficiency (LE) = milk yield per day of life, calculated as: LE = lifetime performance/(age of first calving + productive lifetime).
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negative value for the latent variable (disease, inefficiency of
fertility [where increased age at first calving and increased calving
interval are manifestations of inefficient fertility (management)
on farms], non-sufficient feeding) was necessary to ensure correct
characterization of the estimated field. Thus, five latent variables
(disease ξ1, inefficiency of fertility ξ2, non-sufficient feeding ξ3,
performance ξ4 and farm size ξ5) were used as cause variables
and two latent variables (biological efficiency η1 and economic
efficiency η2) as effect variables. See Table 2 for an overview of
the latent variables and their associated measurement variables.

Assessment of the structural equation model

The SmartPLS 3.0 software (Ringle et al., 2015) was used to con-
struct and calculate the SEM. The evaluation was based on a set of
non-parametric evaluation criteria as recommended by Hair et al.
(2014). The indicator reliability λn (Hair et al., 2014) was used to
assess how sufficient a latent variable is estimated by a measure-
ment variable. The composite reliability (ρc) was applied as a
measure of internal consistency. ρc was supposed to adopt values
of ⩾0.6, as recommended by Henseler et al. (2009). The average
variance extracted (AVE [Fornell and Larcker, 1981]) was used
as a criterion for the assessment of convergent validity. The
AVE describes to what extent a latent construct explains the vari-
ance of its measurement variables. A coefficient for AVE has to be
⩾0.5, following the advice of Henseler et al. (2009) and a meas-
urement model reaching this threshold is considered as valid
(Henseler et al., 2009). The cross loadings offer another check
in case of validity problems (Hair et al., 2014). They describe
the correlation of an indicator with other constructs in the
model. If an indicator has a higher correlation with another latent
variable than with its respective latent variable, the appropriate-
ness of the model should be reconsidered.

The coefficient of determination (R2) describes to what extent
the constructed model was able to explain the variance in the
respective latent variables. Chin (1998) describes R2 of 0.19,
0.33 and 0.67 as weak, moderate and substantial, respectively.
Using path coefficients (γ), the hypotheses stated a priori are veri-
fied or disproved. To do so, the sign and magnitude of a path
coefficient must be taken into account (Henseler et al., 2009).
Path coefficients can adopt values between −1 and 1. Path coeffi-
cients with values of |⩾0.2| were assessed as relevant (Chin, 1998)
since they enable a statistically reliable statement about the rela-
tionship between the two investigated parameters in case they
are significant (P⩽ 0.05) according to the bootstrapping proced-
ure (Hair et al., 2014). A statement regarding the significance of
all the evaluation criteria used (λn, ρc, AVE for the measurement
models and R2, γi for the structural model) was made by the
results of a non-parametric bootstrap procedure (Efron and
Tibshirani, 1993; Davison and Hinkley, 1997). The principle of
bootstrapping is to collect a definite number of sub-samples
with replacement from the original sample, and to estimate a
model for each sub-sample (Hair et al., 2014). As recommended
by Ringle et al. (2015), 5000 bootstrap runs were conducted to
estimate the standard error. The theoretical t-value for signifi-
cance of the evaluation criteria described above was set at 1.96
(P⩽ 0.05).

As an additional method to prove validity of the results,
split-half consistency was applied (Martin and Bateson, 2007).
In doing so, two scenarios of splitting the data set into two groups
were investigated, using the same model. After applying the SEM
to the original data set (scenario original, n = 943), the years
scenario was applied as a first approach by splitting the data set
into the marketing years 2012 (scenario year 2012: n = 480) and
2013 (scenario year 2013: n = 463). As a second approach (scenario
random), the data were split randomly and evenly into two groups
(scenario random 1: n = 471, scenario random 2: n = 472) using the
SAS® (SAS Institute Inc., 2008) procedure PROC SURVEYSELECT.
Each of the scenarios was calculated in a single SEM, evaluated sep-
arately and compared with the results from the original scenario by
using the same evaluation criteria.

Results

Calculated structural equation model

The SEM estimated 19 relationships between seven latent vari-
ables. Hence, 19 arrows connecting two latent variables, respect-
ively, are shown in Fig. 2. All in all, there are 18 measurement
variables which are associated with latent variables, and which
allow an estimation of their respective latent variable.

Assessment of the measurement models

The results of three assessment criteria of the measurement
models (λn, ρc, AVE) were evaluated in order to make a statement
concerning reliability and validity of the measurement models.
The indicator reliability λn (see the values attached to the arrows
in the respective measurement models in Fig. 2) was assessed as
the first criterion. For disease (ξ1), the associated measurement vari-
able cow losses (x11) had the highest indicator reliability (λ1 = 0.843)
of all three measurement variables. Thus, x11 was the measurement
variable, which was most appropriate to estimate disease. For the
inefficiency of fertility (ξ2), age of first calving (λ4 = 0.978) estimated
the latent variable better than calving interval (λ5 = 0.393).

Table 2. Overview of the latent variables and their associated measurement
variables. Each of the latent variables is estimated by two to three
measurement variables; with latent cause variables ξi, latent effect variables
ηj, measurement variables for latent cause variables xin, measurement
variables for latent cause variables yjn; where i stands for the number of the
latent cause variable, j stands for the number of the latent effect variable, n
stands for the overall number of the measurement variable (consecutive
numbering)

Latent variable Measurement variable

Disease ξ1 Cow losses x11
Calf losses x12
Replacement rate x13

Inefficiency of fertility ξ2 Age of first calving x24
Calving interval x25

Non-sufficient feeding ξ3 Coverage of energy requirements x36
Use of concentrates x37

Performance ξ4 Energy-corrected milk yield (ECM) x48
ECM/area for feed production x49

Farm size ξ5 Average stock size x510
Farm area x511
Annual milk amount x512

Biological efficiency η1 Feed efficiency y113
Life efficiency y114
Milk yield from roughage y115

Economic efficiency η2 Income over feed cost y216
Milk price y217
Net return y218
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Non-sufficient feeding (ξ3) was best estimated by coverage of
energy requirements (λ6 = 0.913). For performance (ξ4), both
measurement variables, ECM (λ8 = 0.913) as well as ECM/area
for feed production (λ9 = 0.815), were appropriate to estimate
performance according to the recommendations of Hair et al.
(2014). The latent variables farm size (ξ5) and biological effi-
ciency (η1) were estimated appropriately by all of their asso-
ciated measurement variables, respectively, since all measures
for λn were ⩾0.7 (Fig. 2). Out of the three measurement
variables used to estimate biological efficiency, life efficiency
(λ14 = 0.824) was identified as the measurement variable most
appropriate to estimate this latent variable. Economic efficiency
(η2) was also estimated by three measurement variables, of
which net return (λ18 = 0.980) estimated this latent variable
most appropriately. Emanating from λn, 14 out of 18 measure-
ment variables were considered reliable for estimation of the
respective associated latent variable.

In the next step, the reliability of the seven single measurement
models was assessed by using the composite reliability ρc
(Henseler et al., 2009): Table 3 shows the results for ρc. The meas-
urement model inefficiency of fertility had the lowest composite
reliability (ρc = 0.679), whereas farm size had the highest compos-
ite reliability (ρc = 0.969). As ρc⩾ 0.6 for all seven measurement
models, all measurement models were proven to be reliable. All
coefficients for ρc were significant according to the bootstrapping
procedure (t⩾ 1.96).

The AVE was used as a measure of validity. For all measure-
ment models apart from disease, AVE was >0.5 (Table 3), proving
the validity of all these measurement models (Henseler et al.,
2009). The measure for disease (AVE = 0.446) was the lowest of
all measurement models and was just below the set threshold.
The coefficients for AVE were significant for all latent variables,
according to the bootstrapping procedure (t⩾ 1.96).

Assessment of the structural model

Assessment of the structural model was conducted as the second
step (Fig. 2). From the 19 relational paths considered, 15 were

Fig. 2. Calculated structural equation model for efficiency in milk production. Circles represent latent variables, rectangles represent measurement variables.
Arrows between circles represent relationships between latent variables (path coefficients). Arrows between circles and rectangles represent indicator reliabilities
(of the respective measurement variables). Numbers in circles represent the coefficient of determination (which is only calculated in case of endogenous variables).
See Fig. 1 for a more general scheme of a structural equation model and more general explanations. See Table 2 for an overview of the latent variables and their
associated measurement variables.

Table 3. Composite reliability (ρc) and average variance extracted (AVE)

Measurement model for ρc AVE

Disease ξ1 0.699 0.446

Inefficiency of fertility ξ2 0.679 0.556

Non-sufficient feeding ξ3 0.789 0.656

Performance ξ4 0.856 0.749

Farm size ξ5 0.969 0.912

Biological efficiency η1 0.819 0.603

Economic efficiency η2 0.811 0.599
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statistically significant (P⩽ 0.05, if γ |⩾0.1|) and six relationships
were statistically relevant (γ⩾ |0.2|; Chin, 1998). Performance was
the most important parameter for both biological and economic
efficiency (Fig. 2). Greater performance resulted in greater bio-
logical and economic efficiency. Performance played a more
important role for biological (γ41 = 0.644) than for economic effi-
ciency (γ42 = 0.266). Non-sufficient feeding was identified as a
second parameter of importance for biological efficiency. That
is, better feeding of the cows on a farm leads to greater biological
efficiency of the farm as a whole (γ31 = −0.356). Performance was
influenced mainly by the inefficiency of fertility and farm size.
More efficient fertility on a farm led to better performance (γ24
=−0.306) and larger farms also performed better, meaning they
had higher total milk yield and also higher milk yield related to
the feed area (γ54 = 0.257). Larger farms were more efficient con-
cerning fertility (γ52 =−0.222).

Results for the coefficient of determination (R2) were as fol-
lows: the model explained 0.27 of the variance in performance,
0.69 of the variance in biological efficiency and 0.20 of the vari-
ance in economic efficiency (Fig. 2). Thus, the model explained
more than three times higher proportion of the variance in bio-
logical efficiency than in economic efficiency.

Split-half scenarios

In this section, the results of the split-half scenarios are assessed and
compared with the original scenario (n = 943, including the market-
ing years 2012 and 2013) analysed above. Hereby, in the first scenario
(scenario years), the data setwas sub-divided into themarketing years
2012 (scenario year 2012) and 2013 (scenario year 2013). In the
second scenario (scenario random), the data set was split randomly
into two even groups (scenario random 1 and random 2).

Scenario years

For 17 out of the 18 measurement variables, λn was very similar
for both the scenario years 2012 and 2013. Only for milk price
was λn considerably lower in scenario years 2012 (λ17 = 0.061) and
2013 (λ17 =−0.273) than in the original scenario (λ17 = 0.594). In
the scenario years 2012 (ρc = 0.6, AVE = 0.43) and 2013 (ρc = 0.48,
AVE = 0.43), ρc and AVE for economic efficiency were considerably
lower than in the original scenario (ρc = 0.81, AVE = 0.59). For
both the scenarios 2012 and 2013, the path coefficients (Chin,
1998) of the original scenario were also statistically relevant in
these cases according to Chin (1998). Furthermore, farm size had
an influence on economic efficiency for the scenario year 2012
(γ54 = 0.205). This relationship indicates that larger farms have a
greater economic efficiency, which is consistent with previous
studies (MacDonald et al., 2007). Moreover, non-sufficient feeding
played a role in performance (γ34 =−0.213 for scenario year 2012).
This relationship estimates a higher performance for farms with
better feeding. Greater economic efficiency was estimated for
farms with less disease (γ12 =−0.207 for 2012). For both the scenario
years 2012 and 2013, a considerably higher proportion of the vari-
ance of economic efficiency was explained by the model (R2 = 0.29
for scenario year 2012; R2 = 0.32 for scenario year 2013) compared
with the original scenario (R2 = 0.20).

Scenario random

For both the scenarios random 1 and random 2, λn was very simi-
lar to the original scenario for all 18 measurement variables. In

both the scenarios, ρc and AVE are within the same range com-
pared with the original scenario. Also, for both scenarios, the
path coefficients (Chin, 1998) of the original scenario were also
statistically relevant in these cases, according to Chin (1998).
Additionally, the statistically relevant path coefficients were in a
similar dimension compared with the original scenario, except
for the relationship between non-sufficient feeding and biological
efficiency for scenario random 1. For this relationship, the abso-
lute value of the path coefficient was higher (γ31 =−0.490) com-
pared with the original scenario (γ31 =−0.356), indicating that
non-sufficient feeding was of greater importance for biological
efficiency in the model of scenario random 1. Furthermore, five
additional statistically relevant relationships were observed in
scenario random 1 that were not statistically relevant in the ori-
ginal scenario. Farm size had an influence firstly on economic
efficiency (γ54 = 0.297) and secondly on disease (γ51 =−0.223).
Additionally, farms with less disease showed greater efficiency
of fertility (γ12 = 0.215). Greater biological efficiency was observed
(γ21 = −0.301) on farms with more efficient fertility. Moreover,
non-sufficient feeding played a role in performance in scenario
random 1 (γ34 = −0.220). The results for R2 (results not shown)
were similar to the original scenario for the scenarios random 1
and random 2.

Discussion

Assessment of the measurement models

From the indicator reliability (λn), 14 out of 18 measurement
variables were considered reliable for estimation of the respective
associated latent variable (Hair et al., 2014). The indicator
reliability for the measurement variables calf losses, replacement
rate, calving interval and milk price were <0.7, respectively.
Nevertheless, these measurement variables were kept in the
model, since variables with indicator reliabilities between 0.4
and 0.7 should only be removed from the construct if their
removal increases AVE above the threshold of 0.5 mentioned pre-
viously (Hair et al., 2014). This was not the case, as shown by the
individually performed analyses for each of the measurement
variables mentioned. For a more comprehensive estimation of fer-
tility, additional indicators such as the insemination index or the
non-return-rate should be added in future studies; however, these
were not available in the current study. All values for the compos-
ite reliability (ρc) were >0.6, which is interpreted as reliable fol-
lowing the recommendation of Henseler et al. (2009). These
results show that all seven latent variables are measured suffi-
ciently by their respective measurement variables. The AVE for
six out of the seven measurement models is above the recom-
mended threshold (Henseler et al., 2009) and that for the latent
variable disease is 0.446, which is just below the mentioned
threshold. One reason for the low AVE is the low indicator reli-
ability of the measurement variables calf losses and replacement
rate. Since disease is not sufficiently estimated by two out of its
three measurement variables, this indicates a lack of sufficient
estimation of the whole latent variable disease. Thus, other or
additional measurement variables could be necessary to supple-
ment the estimation of disease. In the current study, additional
measurement variables were not available from the data sets.
However, the cross loadings were used for an additional check,
as recommended in case of validity problems (Hair et al.,
2014). Since correlations between the measurement variables
(calf losses and replacement rate) with their latent variable disease
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were higher than the correlation with other latent variables, the
measurement model for disease was nevertheless appropriate.

Assessment of the structural model

Three statistically relevant relationships between cause variables
were identified. Farm size had an influence on both performance
(γ54 = 0.257) and the inefficiency of fertility (γ52 = −0.222), mean-
ing that larger farms had better performance and fertility. Due to
economies of scale, an increase in farm size led to greater prod-
uctivity, as also seen in other studies (Steinfeld et al., 2006;
MacDonald et al., 2007). Additionally, the inefficiency of fertility
influenced performance (γ24 = −0.306); hence, farms with a
greater efficiency of fertility also had better performance. A posi-
tive relation between fertility and performance was also found in
several previous studies (Groenendaal et al., 2004; De Vries, 2006;
Knapp et al., 2014). There was no statistically relevant relationship
concerning disease found in the SEM, which is probably due to
the insufficient estimation of this latent variable. There were
three statistically relevant relationships observed between cause
and effect variables. Performance was the most important param-
eter for both biological and economic efficiency. Better perform-
ance resulted in greater biological and economic efficiency. A
positive relationship between performance and efficiency in
milk production was also found in previous studies (Bailey
et al., 1997; Marston et al., 2011; Stankov et al., 2015).
Performance played a more important role for biological (γ41 =
0.644) than for economic efficiency (γ42 = 0.266) in this model.
Biological efficiency was affected by non-sufficient feeding (γ31
=−0.356), whereas economic efficiency was not affected by non-
sufficient feeding. Usually, feeding costs are at least half of the
overall production costs of a dairy farm (Moran, 2005) and there-
fore feeding would be expected to play a role in economic effi-
ciency. However, in the current study, cost-related variables
were only included as effect variables, since information on mon-
etary aspects was incomplete or unavailable for the cause vari-
ables. Thus, the estimation of non-sufficient feeding in the
current study is due rather to evaluation of the feeding manage-
ment as a component of herd management, i.e. the biological
parameters, than it is due to evaluation of the feeding costs.
Nevertheless, indirectly, these parameters also allow an evaluation
of efficient feed use. For example, if the coverage of energy
requirements is >100%, the risk of a cow’s body condition score
being above the optimum increases, without additionally making
more profit from the higher amount of feed used. One reason for
the non-existent influence of feeding on the economic efficiency
might be that feeding was not estimated comprehensively by
the measurement variables coverage of energy requirements and
the use of concentrates. Additional meaningful parameters such
as the urea content of milk as an indicator of a balanced ratio
of energy and protein supply (Huhtanen and Nousiainen, 2012;
Mgbeahuruike et al., 2016) or further information on the compos-
ition of concentrates in the ration were not available, but should
be considered in future studies, if possible.

Significant correlations between life efficiency and profit were
found in the studies of Wangler and Harms (2006). Thus, a cor-
relation between biological efficiency and economic efficiency was
also expected in the current study, as life efficiency is an import-
ant measurement variable of biological efficiency and net return
was identified as the key measurement variable for economic effi-
ciency. Nevertheless, there was no relationship between the two
effect variables found in the current study. However, fluctuations

in the milk price most likely mask the relationship between bio-
logical and economic efficiency. Therefore, an additional scenario
with an identical milk price was calculated to prove whether the
relationship was stronger in this case (see ‘Split-half scenarios’
below).

The model explained a substantial proportion (Chin, 1998) of
the variance in biological efficiency (0.69) and a smaller propor-
tion of the variance in economic efficiency (0.20). Thus, the coef-
ficient of determination was more than three times higher for
biological efficiency than for economic efficiency, implying a
more appropriate eligibility of biological parameters for the evalu-
ation of efficiency, considering this data set. Biological efficiency
is used as a parameter to evaluate the quality of herd manage-
ment, which has gained in importance especially in intensive
farming systems. Approximately 45–50% of the increase in milk
yields under intensive management has been achieved through
improvements in management practices (Hansen, 2000;
VanRaden, 2004; Shook, 2006).

Split-half scenarios

Different scenarios for a split-half consistency were conducted in
order to evaluate the reproducibility of the results (Ombao et al.,
2017). The aim of doing so was, in general, to test SEM for robust-
ness in case of changes in input data. Particularly in the case of
splitting the data into the marketing years, it was done to observe
the influence of annual fluctuations (e.g. in the milk price or the
quality of feeds) on the model and the calculated interactions.

For both the scenario years 2012 and 2013, the indicator reli-
ability for milk price (λ17) was considerably lower compared with
the original scenario. This noticeable fluctuation in the results for
milk price occurred due to the very different range in milk prices
between the years (year 2012: 29–37 cents/kg milk; year 2013: 38–
46 cents/kg milk). In 2012, λn for milk price as a partial measure
of economic efficiency was not statistically significant (λn = 0.061,
P = 0.634). In 2013, which was the only one out of five models
tested with a negative relationship between milk price and eco-
nomic efficiency (λn =−0.273, P = 0.003), the whole latent vari-
able economic efficiency was not sufficiently measured by its
indicators according to the measurement model assessment cri-
teria (ρc = 0.48; AVE = 0.43). Therefore, the results of the split-half
scenarios by years are not statistically valid.

An additional scenario with an identical milk price was calcu-
lated in order to investigate the influence of fluctuations in the
milk price on the relationship between biological and economic
efficiency. This model used the same input data as the main
model apart from the milk price and the related parameters income
over feed cost and net return (here the identical milk price was also
included in the new calculation of the respective parameters).
Interestingly, with an identical milk price, the relationship between
biological and economic efficiency became stronger and was stat-
istically significant in this new scenario (γ12 = 0.157, P < 0.05)
compared with the main model (γ12 = 0.068, P > 0.05).

Evaluation of the results in relation to other efficiency studies

In several agricultural efficiency studies, economies of scale were
found to play an important role. This means that declining pro-
duction costs accompany increasing scales of operation
(Steinfeld et al., 2006). In studies by MacDonald et al. (2007),
the costs of housing, milking facilities and machinery fell while
the net return rose. In the current study, economies of scale
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could not be proven. Farm size was related indirectly to economic
efficiency via performance, since larger farms can reach higher
yields (γ54 = 0.257) and performance (as the latent variable to
measure yield) was related positively to economic efficiency
(γ42 = 0.266). Stankov et al. (2015) found a correlation between
farm size and profit (r = 0.72) and between milk yield and profit
(r = 0.72). The latter relationship was also observed in the current
study. A relationship between dairy farm size and productivity
was also found by Weersink and Tauer (1991).

In a study on environmental efficiency conducted by Knapp
et al. (2014), improvements in disease and fertility management
contributed to an increase in feed efficiency and lifetime product-
ivity of single cows and whole dairy herds. Among other things,
reduced culling rates reduced the requirement for replacement
cows and therefore increased dairy profitability as well. In the cur-
rent study, no significant relationship was found between disease
and efficiency or between fertility and efficiency. In previous
studies, a relationship was found between disease and perform-
ance. Mastitis (de los Campos et al., 2006) and lameness (Mitev
et al., 2011) were accompanied by a reduction in milk yield. In
the current study, no significant relationship between disease
and performance was found.

Concluding statement

The current study is one of the first investigations using the
method of PLS-SEM in the evaluation of efficiency in milk pro-
duction. This method enabled an estimation of efficiency, includ-
ing the different approaches towards economic efficiency and
biological efficiency, which are latent variables and therefore not
themselves measurable. In the current study, efficiency was deter-
mined mostly by performance, which was of higher importance
for biological than for economic efficiency. Economies of scale
were proven since larger farms were able to be more efficient con-
cerning performance and fertility.

The identification of meaningful measurement variables for a
comprehensive estimation of both cause and effect variables is
challenging and decisive for a reliable and valid PLS-SEM. In
future studies, the inclusion of additional meaningful measure-
ment variables for a more comprehensive estimation of the latent
variables fertility and disease is recommended.
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