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a b s t r a c t

Dairy farms produce significant greenhouse gas (GHG) emissions and are therefore a focal point for GHG-
mitigation practices. To develop viable mitigation options, we need robust (insensitive to changes in
model parameters and assumptions) predictions of GHG emissions. To this end, we developed a sto-
chastic model to estimate the robustness of predictions based on input parameters (GHG emission
factors and production traits) and their uncertainties.

In our study we explored how sensitive predictions of GHG emissions are to three factors: (1) system
boundaries of the emission model (2) the uncertainty of input parameters due to quality of data or
methodological choices (epistemic uncertainty) and (3) inherent variability in input parameters (vari-
ability uncertainty). To assess the effect of system boundaries, we compared two different boundaries:
the “dairy farm gate” boundary (all GHG emissions are allocated to milk) and “system expansion” (the
model gives a GHG credit to beef derived from culled cows and bull, heifer and calf fattening of surplus
dairy calves outside the farm). Results using the farm-gate boundary provide guidance to dairy farmers
to reduce GHG emissions of milk production. The results using system expansion are important for
defining GHG abatement policies for milk and beef production. We found that the choice of system
boundary had the strongest impact on the level and variation of predicted GHG emissions. Model pre-
dictions were least robust for lower-yielding dairy cow production systems and when we used system
expansion.

We also explored which GHG-abatement strategies have the most leverage by assessing the influence
of each input parameter on model predictions. Predicted GHG emissions were least sensitive to
variability-related uncertainty in production traits (i.e. replacement rate, calving interval). Lower-
yielding production systems had the highest variation, indicating the highest potential for GHG miti-
gation of all production systems studied. Variation in predicted GHG emissions increased substantially
when both epistemic and variability uncertainty in emission factors and variability uncertainty in pro-
duction traits were included in the model.

If the system boundary was set at the farm gate, the emission factor of N2O from nitrogen input into
the soil had the highest impact on variation in predicted GHG emissions. This variation stems from
uncertainties in predicting N2O emissions (epistemic uncertainty) but also from inherent variability of
N2O emissions over time and space. The uncertainty of predicted GHG emissions can be reduced by
increasing the precision in predicting N2O emissions. However, this additional information does not
reduce GHG emissions itself. Knowing site specific variability of N2O emissions can help reduce GHG
emissions by specific management (e.g. reduce soil compaction, adopted manure management, choice of
suitable crops).

In case of system expansion, uncertainty in GHG emission credit for dairy beef contributed the most to
increasing the variation in predicted GHG emissions.
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The stochastic-model approach gave important insights into the robustness of model outcomes, which
is crucial in the search for cost-effective GHG-abatement options. Despite the high degree of uncertainty
when using system expansion, its results help identifying global GHG mitigation options of combined
milk and beef production.

� 2013 Elsevier Ltd. All rights reserved.

1. Introduction

In the search for greenhouse gas (GHG)-abatement options,
agriculture has become a focal point as the livestock sector con-
tributes greatly to its total GHG emissions (e.g. 10% of total Euro-
pean Union GHG emissions; Lesschen et al., 2011). In particular,
milk and beef production emit high amounts of methane (CH4) and
nitrous oxide (N2O). When trying to identify possible GHG-abate-
ment options three main points need to be considered: (1) models
of GHG emissions have a high degree of uncertainty (Flysjö et al.,
2011b) (2) dairy farms have high variability related uncertainty
(De Cara et al., 2005; Moran et al., 2011), further increasing the
uncertainty of model outcomes, and (3) changes in one system can
affect emissions elsewhere due to GHG emissions leakage. Leakage
occurs e.g. in dairy cow production when GHG emissions are
reduced on a farm or in a country by reducing beef output but
replacing the production shortfall with beef from suckler cow
production or imports from other countries emitting greater
GHG emissions/unit of output (Franks and Hadingham, 2012; Lee
et al., 2004).

(1e2) Epistemic uncertainties and variability-related uncertainty

Deterministic models of GHG emissions and life cycle assess-
ment (LCA) of dairy cow production systems arewell-established in
the literature (Crosson et al., 2011; De Vries and de Boer, 2010;
O’Brien et al., 2011; Thomassen et al., 2008). Many guidelines and
scientific studies point out the importance of incorporating un-
certainty in GHG modelling (IPCC, 2006; ISO, 2006; Pannell, 1997).
Stochastic models use these uncertainties to predict a range of
outcomes and their likelihood. A stochastic model predicting GHG
emissions of dairy cow production systems needs to distinguish the
nature of uncertainty: epistemic uncertainty due to data quality or
methodological choices, and variability-related uncertainty (“vari-
ability uncertainty”) due to inherent variability (e.g. of production
traits among dairy farms) in the systems or processes under
consideration (Walker et al., 2003). Several studies explored the
impact of epistemic uncertainty (e.g. the choice of GHG emission
factors) on predicted GHG emissions in dairy cow production
(Basset-Mens et al., 2009; Flysjö et al., 2011b; Gibbons et al., 2006;
van Middelaar et al., 2013). Other studies explored the impact of
variability uncertainty on predicted GHG emissions (Henriksson
et al., 2011; Lovett et al., 2006; Thomassen et al., 2009). Consid-
ering both types of uncertainties is important for developing GHG-
abatement options because they have fundamentally different
causes and need to be addressed in different ways (Morgan and
Henrion, 2006). Consideration of uncertainties provides informa-
tion for policy makers and farmers on robustness (sensitivity to
changes in parameters) (Mubhoff and Hirschauer, 2011) and vari-
ation of model outcomes (Pannell, 1997). Furthermore, consider-
ation of uncertainties helps identify “variables with the most
influence on predictions” (Pannell, 1997).

(3) Possible GHG emission leakage

Many deterministic model approaches (Capper et al., 2009;
Zehetmeier et al., 2012) have shown that GHG emissions per kg

of milk can be reduced by increasing milk yield per cow. However,
high-yielding dairy cow production systems with pure milk-
oriented breeds produce relatively less beef than less intensified
(lower milk yield) and less specialised (dual-purpose breed) dairy
cow systems (Zehetmeier et al., 2012). If less beef is provided from
dairy cow production systems, this decrease would have to be
compensated by increases in suckler cow production systems to
maintain the same level of beef production. The link between dairy
and beef production illustrates the importance of developing
models that go beyond the farm gate to include links between
different GHG generating-processes (Franks and Hadingham,
2012). Incorporate these links should improve the understanding
of GHG emissions derived from milk and beef production. Hence,
previous studies developed “system expansion” to handle co-
products from dairy cow production systems (i.e. beef from culled
cows and fattening of surplus calves) (Flysjö et al., 2012). System
expansion accounts for the observation that GHG emissions of beef
from culled dairy cows and fattened surplus dairy calves are lower
than those of beef from suckler cow production systems (Nguyen
et al., 2010).

The main objectives of this study were twofold:

(1) include epistemic uncertainty and variability uncertainty of
mainmodel inputs to identify thosewith the largest effect on
variation of predicted GHG emissions

(2) quantify the robustness of model predictions in response to
varying input assumptions, such as type of dairy cow pro-
duction system and method to account for milk and beef
output.

2. Material and methods

This study is based on a deterministic model whose assump-
tions surrounding the livestock production systems and predictions
of GHG emissions were described by Zehetmeier et al. (2012). In the
following sections we present the main assumptions of the sto-
chastic model.

2.1. Description of main model components

2.1.1. Livestock production systems
The stochastic model incorporated three dairy cow production

systems with different breeds and milk yields: 6000 kg of milk/
cow/year e dual-purpose Fleckvieh (6000 kg Fleckvieh-system);
8000 kg of milk/cow/year e dual-purpose Fleckvieh (8000 kg
Fleckvieh-system); 10,000 kg of milk/cow/year e milk-oriented
breed Holstein-Friesian (10,000 kg Holstein-Friesianesystem).

Each system represents an average dairy cow of a typical dairy
farm plus replacement heifer from birth to age of first calving plus
surplus calves until sold. The number of breeding heifers was
assumed to equal to the number of cows sold to culling and lost to
natural mortality (¼ replacement rate of the herd). The annual
number of calves born was derived from calving intervals and calf
mortality. Production of milk, beef and calves was based on a time
period of one year for investigated dairy systems. Surplus dairy
calves were assumed to be sold to bull and heifer fattening systems
at a weight of 50 kg (milk-oriented Holstein-Friesian breed) or at a
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weight of 85 kg (dual-purpose Fleckvieh breed) representing
German production systems (Brüggemann, 2011). Bull and female
calves from different dairy breeds were assumed to differ in
fattening characteristics such as daily live weight gain and carcass
conformation. A higher fattening performance, live weight and
carcass kill-out for Fleckvieh compared to Holstein-Friesian ani-
mals was assumed (Zehetmeier et al., 2012).

We assumed a feeding regime of total mixed ration fed indoors
all year round for all production systems considered in the model.
Feed components were maize silage, grass silage, hay, and con-
centrates. Total dry matter intake and the proportion of concen-
trates and forage in dairy cows ration were calculated in order to
satisfy metabolisable energy and crude protein requirements and
considering limitation on dry matter intake (Zehetmeier et al.,
2012).

2.1.2. Prediction of GHG emissions
Model predictions included on-farm GHG emissions (e.g. from

crop cultivation, keeping of animals, andmanuremanagement) and
off-farm emissions (e.g. from production of synthetic fertilisers,
pesticides, diesel, and purchased feed) (Zehetmeier et al., 2012).
The model included the GHGs CH4, N2O and carbon dioxide (CO2).
Global warming potentials of 1, 25, and 298 were used to convert
CO2, CH4 and N2O emissions into CO2 equivalents (CO2eq), respec-
tively (IPCC, 2007).

2.1.3. Methods to handle co-products
We chose two methods to handle co-products from dairy cow

production to show the impact of epistemic uncertainty and vari-
ability uncertainty on variation in predicted GHG emission in-
tensity: “all GHGs to milk” and “system expansion” (Flysjö et al.,
2011a). Both methods avoid the definition of an allocation factor
to allocate GHG emissions between milk and beef, yet each arrives
at a vastly different prediction of GHG emissions intensity
expressed as kg CO2eq/kg of milk.

For “all GHGs to milk” all GHG emissions from dairy cow pro-
duction were allocated to milk. The system boundary is the dairy
farm gate. As surplus calves were assumed to be sold to fattening
systems beef output is confined to culled cows. This production
system represents a specialised dairy farm. The “all GHGs to milk”
provides a good metric for dairy farms to evaluate current and
improved GHG emissions up to the dairy farm gate.

System expansion considers not only milk output but beef
output from culled dairy cows and fattening of surplus dairy calves.
Thus, system expansion goes beyond the system boundary of the
dairy farm gate. In system expansion, also called the “avoided
burden” method (Thomassen et al., 2008), beef from surplus dairy

calves that were fattened in bull, heifer and calf fattening systems
outside the farm gate was added to beef from culled dairy cows.
Accordingly, GHG emissions occurring during the fattening of sur-
plus dairy calves were added to GHG emissions of the dairy cow
production system up to the farm gate. Dairy cow production sys-
tems received an avoided-burden GHG credit for beef output equal
to the amount of GHGs that would have been emitted had the beef
been produced in a sucklercow beef system (ISO, 2006). This GHG
credit reduced the GHG emission intensity per kg of milk incurred
by dairy cow production. Annual beef output was 322 kg/cow/year
for the 6000 kg Fleckvieh-system, 315 kg/cow/year for the 8000 kg
Fleckvieh-system and 218 kg/cow/year for the 10,000 kg Holstein-
Friesian-system.

2.2. Classification of epistemic and variability uncertainties

We investigated three types of epistemic uncertainty (i.e.
parameter uncertainty, model uncertainty and uncertainty due to
methodological choices) and three types of variability uncertainty
(i.e. temporal and spatial variability and variability within dairy
cow production systems) (Table 1) (Huijbregts, 1998; Walker et al.,
2003). Distinction between the nature of uncertainty i.e. epistemic
uncertainty and variability uncertainty is important because they
have fundamentally different causes and need to be addressed in
different ways (Morgan and Henrion, 2006). Epistemic uncertainty
is due to “imperfection of our knowledge, whichmay be reduced by
more research and empirical efforts” (Walker et al., 2003). Vari-
ability uncertainty is due to the inherent variability of natural and
human systems and thus natural heterogeneity of values (Walker
et al., 2003); it may be reduced by disaggregation and points at
possibilities for improving the system (Basset-Mens et al., 2009).
Both types of uncertainty were included in the model to determine
the robustness of predicted GHG emissions for different dairy cow
production systems.

Model uncertainty: Model uncertainty arises from uncertainty
due to simplifying assumptions implicit in mathematical expres-
sions of relations between physical, biological or economic vari-
ables used to describe the production system (Walker et al., 2003).
The prediction of emission factors for direct N2O emissions from
nitrogen (N) input into the soil (N2O Ninput) or CH4 emissions from
enteric fermentation (CH4ent) based on measurements are exam-
ples of model uncertainty. Parameter uncertainty. “Empirical inac-
curacy (inaccurate measurements), unrepresentativity (incomplete
or outdated measurements) and lack of data (no measurements)
are common sources of parameter uncertainty” (Huijbregts, 1998).
In our model the lack of data on site specific N2O Ninput emissions is
an example for parameter uncertainty (Table 1).

Table 1
Classification of uncertainty of main model inputs according to Huijbregts (1998) and Walker et al. (2003).

Model parameter Sources of uncertainty

Epistemic uncertainty Variability uncertainty

Model
uncertainty

Parameter
uncertainty

Uncertainty due
to choices

Temporal/Spatial
variability

Variability between
sources

Production traits
Calving interval/replacement rate X

GHG emissions
Emission factor nitrogen input into soil X X X
CH4 enteric fermentation X
Emission factor beef from suckler cow production X
Methods to handle co-productsa X

X: types of uncertainty considered in the model.
a Co-products in dairy farming (beef from culled cows and surplus calves sold to fattening systems).
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Uncertainty due to methodological choices. Examples of choices
leading to uncertainty in LCAmodelling are the choice of functional
unit or, as in our case study, method to handle co-products which
affects the GHG intensity expressed in CO2eq/kg of milk (Huijbregts,
1998).

Spatial and temporal variability. Spatial and temporal variability
refers to natural variability between different geographical sites
(Bjorklund, 2002) and variability that occurs over time. Examina-
tion of spatial and temporal variability can help to identify the most
favourable regions for milk production (Basset-Mens et al., 2009).
In many cases, uncertainties in N2O Ninput reported in literature are
influenced by spatial and temporal variability.

Variability uncertainty. Dairy cow production systems with
similar milk yields and breeds can differ in production traits due to
differences in farm management. The production traits chosen in
our study (replacement rate and calving interval) are mentioned in
the literature as important for comparing dairy cow production
systems with different milk yields and breed (Knaus, 2009).

2.3. Stochastic modelling using Monte Carlo simulations

To analyse the impact of epistemic uncertainty and variability
uncertainty on predicted GHG emissions, we performed Monte
Carlo simulations using @RISK (Palisade Corporation software,
Ithaca NY USA) by varying parameters for GHG emissions factors
and production traits (calving interval, replacement rate). For each
dairy cow production system investigated, we ran 5000 iterations
simultaneously to obtain a probability distribution of predicted
GHG emissions.

2.3.1. Parameters estimating GHG emissions
We modelled uncertainty in GHGs emitted by enteric fermen-

tation of dairy cows (CH4ent), N input into the soil (N2O Ninput), and
suckler cow beef production (for system expansion) (Table 2).
Overall, emission sources included in the stochastic model
accounted for more than 70% of total GHG emissions reported in
several studies (Kristensen et al., 2011; Zehetmeier et al., 2012). To
account for the considerable uncertainty in CH4ent emissions from
the dairy cows investigated (the model used different equations
from the literature (Table 2). Uncertainty in N2O Ninput was repre-
sented by using the uncertainty range reported by IPCC (2006). The
uncertainty model used a triangle distribution to describe the
probability distribution of CH4ent and emission factor for N2O Ninput
based on their minimum, maximum and most likely values
(Table 2) following previous studies (Lovett et al., 2008). These GHG
emission factors were assumed to be independent because they do
not interact.

Emission factors for GHG emissions from suckler cow beef
productionwere taken from Crosson et al. (2011), who summarised
GHG emissions from beef production systems from different

countries and based on different models. From Crosson et al. (2011)
we included 15 values for GHG emissions of beef from suckler cow
production and assumed a uniform distribution. Emission factors
per kg beef varied from 15.6 to 37.5 kg CO2eq (Table 2).

2.3.2. Production traits
Our study focused on two traits of dairy cow production systems

that are closely linked to milk yield per cow (Knaus, 2009; Roemer,
2011): replacement rate and calving interval. We used data from
19,070 dairy farms breeding Fleckvieh cows and 3200 dairy farms
breeding Holstein-Friesian cows for the time period 2004 to 2010 to
identify variability in replacement rate and calving interval within
dairy cow production systems of equal milk yield/cow/year and
breed. Data were provided by LKV Bayern (unpublished data,
2004e2009) and LKV Weser Ems (unpublished data, 2004e2010).
We fitted weighted linear regression models (weighted by farm
size) with detrended milk yield/cow/farm as the dependent vari-
able and replacement rate (%) per farm and average calving interval
(days) as independent variables. We used quantile regression
(Koenker, 2005) to calculate the standard deviation (SD) of
replacement rate and calving interval for dairy cow production
systems yielding 6000, 8000 and 10,000 kg of milk/cow/year. The
resulting production trait values for these systems are shown in
Table 3. We assumed that all production traits were normally
distributed and we found no statistically significant correlations
between production traits.

2.4. Impact of a single parameter on variation in predicted GHG
emissions

We identified the impact of each parameter considered in the
uncertainty modelling on variation in predicted GHG emissions
within each modelled dairy cow production system (6000 kg
Fleckvieh-system, 8000 kg Fleckvieh-system, 10,000 kg Holstein-
Friesian-system). We used multivariate linear regression imple-
mented in @Risk to calculate standardised regression coefficients.

Table 2
Minimum, maximum, most likely values and shape of distribution for greenhouse gases emissions and emission factors (EF) considered in the uncertainty modelling.

Most likely Minimum Maximum Probabilistic distribution

CH4 enteric fermentation (kg CH4/dairy cow)
(6000/8000/10,000)a

128b/135b/138b 105c/116c/127c 140d/152d/157d Triangle

EF N2O Ninput
e (kg N2OeN/kg N) 0.01f 0.003f 0.03f Triangle

EF beef from suckler cow production (kg CO2eq/kg beef) 15.6g 37.5g Uniform

a kg milk/cow/year.
b Equation used to model CH4 emissions: Kirchgebner et al. (1995);
c Equation used to model CH4 emissions: Dämmgen et al. (2009).
d Equation used to model CH4 emissions: Jentsch et al. (2009).
e Nitrogen input into the soil.
f IPCC (2006).
g Crosson et al. (2011).

Table 3
Mean and standard deviation (SD) to generate a normal distribution for stochastic
modelling of production traits (calving interval and replacement rate).

System milk yield
(kg milk/cow/yr)

Calving interval (days) Replacement rate (%)

Mean SD Mean SD

6000a 405 22 32.6 7.6
8000a 389 15 36.7 7.6
10,000b 416 17 30.3 6.4

Yr ¼ year, normal distribution.
a Evaluation of data for 19,070 Fleckvieh dairy farms from LKV Bayern (unpub-

lished data, 2004e2009).
b Evaluation of data for 3200 Holstein-Friesian dairy farms, from LKV Weser Ems

(unpublished data, 2004e2010).
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Standardised regression coefficients were used to identify variable
importance of multiple regression models. The coefficients predict
“the standard deviation change in the dependent variable when the
independent variable is changed by one standard deviation, hold-
ing all other variables constant” (Murray and Conner, 2009). If the
input variables are independent, then the sum of all squared
standardized regression coefficients is equal to the r-squared value
of the whole model (Murray and Conner, 2009). This relation pro-
vides insight into the contribution of each input variable to the total
variation in predicted GHG emissions (Bortz and Weber, 2005).
When interpreting regression coefficients it is important to keep in
mind that coefficients reflect both the uncertainty of the input
variables and the sensitivity of the model to this particular
parameter (Basset-Mens et al., 2009).

3. Results

3.1. Variation of predicted GHG emissions

3.1.1. Variability uncertainty in production traits
For all GHG to milk, mean predicted GHG emissions per kg of

milk for all dairy cow production systems decreased with
increasing milk yield. For system expansion, predicted GHG emis-
sions per kg of milk were considerably lower due to crediting beef
output with emissions from suckler cow production. Furthermore,
dual-purpose lower-yielding dairy cow production systems (6000
and 8000 kg Fleckvieh-system, higher beef output per t of milk)
resulted in lower predicted GHG emissions compared to the higher-
yielding milk-oriented Holstein-Friesian breed dairy cow produc-
tion system (10,000 kg Holstein-Friesian-system, lower beef output
per t of milk) (Table 4). These results can be attributed largely to the
high GHG credits for avoided beef production from suckler cows.
Including only variability uncertainty in production traits in Monte
Carlo simulations, resulted in a relatively low SD of predicted GHG
emissions (SD ¼ 0.068 to 0.016) (Table 4). For both methods of
handling co-products, the SD of GHG emissions per kg of milk
decreased with increasing milk yield of dairy systems. The fact that
higher-yielding systems have a lower variation in predicted GHG
emissions can be attributed largely to lower variability uncertainty
in production traits in the high-yielding production systems
(Table 3).

3.1.2. Epistemic and variability uncertainties
When both epistemic and variability uncertainties were included

in the modelling, then variation of predicted GHG emissions
increased considerably due to the high uncertainty of epistemic

uncertainty model inputs. We observed the highest variation in
predicted GHG emissions under system expansion. This high varia-
tion was mainly caused by the highly uncertain emission factor for
beef derived from suckler cow production. Uncertainty of emission
factor for suckler cow beef was classified as parameter uncertainty,
which means that there is a lack of knowledge on GHG emissions of
the replaced suckler cow production system. The Fleckvieh-system
yielding 6000 kg of milk/cow/year had the highest variation in pre-
dictedGHGemissions (SD¼ 0.3 kg CO2eq/kg ofmilk; Table 4). There is
a high uncertainty in the credit for beef from suckler cow systems
and relatively high beef output from the lowest yielding dairy cow
system (ca. 55 and 22 kg of beef/t milk for the 6000 kg Fleckvieh-
system and the 10,000 kg Holstein-Friesian-system, respectively).
Differences in mean predicted GHG emissions between models that
consider only variability uncertainty and those that consider
epistemic and variability uncertainties can be attributed to the
skewed triangle distributions of the epistemic uncertainties.

3.2. Impact on variation in predicted GHG emissions

For all GHGs to milk, the N2O Ninput contributed most to varia-
tion in predicted GHG emissions. 77% (10,000 kg Holstein-Friesian-
system) to 65% (6000 kg Fleckvieh-system) of variation in predicted
GHG emissions were explained by uncertainty of this emission
factor. Variability uncertainty in replacement rate was the second
greatest contributor (Fig. 1a). The effects of variability uncertainty
in replacement rate were stronger in lower-yielding dairy cow
production systems (30%) (Fig. 1a). In contrast, variability in calving
interval did not influence variation in predicted GHG emissions for
all GHGs to milk because calves are sold to fattening systems
outside the dairy farm gate and are thus only marginal included in
GHG emission modelling.

For system expansion, uncertainty in the emission factor for
beef from suckler cow production systems had the highest impact
on variation in predicted GHG emission outcome (i.e. from 79% of
total variation in predicted GHG emissions in the 6000 kg
Fleckvieh-system to 62% in the 10,000 kg Holstein-Friesian-system
(Fig. 1b). The second biggest contributor was N2O Ninput, which
explained 18%e35% of the total variation in predicted GHG emis-
sions; Fig. 1b). The combined contribution of the remaining factors
was less than 5%, with variability uncertainty in calving interval
explaining 2.5% (6000 kg Fleckvieh-system) to 0.9% (10,000 kg
Holstein-Friesian-system). Impact of calving interval was higher for
dual-purpose dairy cow production systems (Fig. 1b) as surplus
calves show better fattening characteristics resulting in a higher
beef output/cow/year.

Table 4
Mean, standard deviation (SD), coefficient of variation (CV) and confidence interval of greenhouse gas (GHG) emissions (in kg CO2eq/kg milk) for the dairy cow production
systems investigated via uncertainty modelling.

Method to handle co-products All GHGs to milk System expansion

Indicator Dairy cow production system (kg milk/cow/year)
6000 8000 10,000 6000 8000 10,000

Considering only variability of production traits
Mean (of which credit for beef outputa) 1.366 1.136 0.923 0.241 (1.406) 0.243 (1.102) 0.465 (0.880)
SD 0.068 0.051 0.035 0.051 0.030 0.016
CV 0.049 0.045 0.038 0.212 0.125 0.033
Confidence interval (95%) Lower limit 1.255 1.053 0.867 0.154 0.194 0.440

Upper limit 1.478 1.220 0.980 0.322 0.293 0.487
Considering both epistemic uncertainty of GHG modelling and variability in production traits
Mean (of which credit for beef outputa) 1.432 1.201 0.986 0.323 (1.403) 0.321 (1.100) 0.534 (0.886)
SD 0.133 0.107 0.085 0.300 0.234 0.137
CV 0.093 0.089 0.086 0.929 0.731 0.257
Confidence interval (95%) Lower limit 1.231 1.041 0.860 �0.237 �0.111 0.296

Upper limit 1.670 1.388 1.138 0.786 0.684 0.755

a Value based on emission factor for suckler cow beef production.
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3.3. Probability of predicted GHG emissions of dairy cow production
systems

Cumulative distributions give insight into the probability of
GHG emission outcomes as they display probabilities that emis-
sionswill be lower than a given amount. For all GHGs tomilk lower-
yielding systems resulted in higher GHG emissions per kg of milk at
each level of probability. This indicates high probability that pre-
dicted GHG emissions of higher-yielding systems are lower
compared to lower-yielding systems considering the system
boundary of a typical dairy farm (dairy cow, heifers, selling of
surplus calves).

For system expansion the model predicted a 49% probability
that the 6000 kg Fleckvieh-system generates lower GHG emissions
per kg of milk than the 8000 kg Fleckvieh-system (Fig. 2). The
probability that the 6000 kg Fleckvieh-system has lower GHG
emissions per kg of milk than the 10,000 kg Holstein-Friesian-
system exceeds 91% (Fig. 2). In contrast, the 10,000 kg Holstein-
Friesian-system had higher GHG emissions per kg of milk than
the 8000 kg Fleckvieh-system at each stage of probability (first
degree stochastic dominance) (Fig. 2).

We found negative GHG emissions per kg of milk in 9% (8000 kg
Fleckvieh-system) and in 13% (6000 kg Fleckvieh-system) of model
iterations. In these cases, the avoided GHG emissions from suckler
cow beef production were higher than the GHG emissions incurred
by the dairy cow production system.

4. Discussion

4.1. Methods to handle co-products

We applied two methods to investigate the variation of GHG
emission outcomes within different dairy cow production systems,
i.e. “all GHGs to milk” and “system expansion”. In both cases a
comprehensive interpretation of results needs to consider the main
model assumptions and system boundaries. The “all GHG to milk”
method appears suitable for dairy farms to quantify GHG emissions
and their variations at the farm level. Its results provide guidance
for dairy farmers to reduce GHG emissions at the farm. As system
expansion accounts for milk and beef production beyond the
boundary of the dairy farm gate, its results are important for pol-
iticians and decision makers to evaluate GHG emissions of regional
or global milk and beef production. Results are also important for
defining GHG-abatement policies for both food production
systems.

Our study shows the stark contrast between predictions of a
model allocating all GHG emissions to milk (all GHGs to milk) and
one using system expansion. While the first method emphasises
increasing milk yield as an abatement option on the dairy-farm
level, the second indicates that any beneficial effects of increasing
milk yield might be negated by GHG emission leakage due to in-
crease in beef production from suckler cow systems. Franks and
Hadingham (2012) emphasise that prediction of GHG emissions
that are restricted to the dairy farm gate can lead farmers to adopt
GHG mitigation options that inadvertently increase global GHG
emissions despite lowering farm emissions. Our study showed that
dairy cow production systems are such an example, because vary-
ing milk yield per cow affects beef production; hence, predicted
GHG emissions of the two models differ. Flysjö et al. (2011a) also,
found that these methods for handling co-products yield different
results: GHG emissions per kg of milk dropped by �37% when
system expansion was used compared to all GHGs to milk. Mean
GHG emissions in our study decreased 46e77% for system expan-
sion in comparison to all GHGs to milk (Table 4). System expansion
assumes that beef from dairy cow production systems (culled cows,
fattening of surplus calves) is needed on the market and will
replace beef from suckler cows (Flysjö et al., 2011a; Zehetmeier
et al., 2012). However, it could also be assumed that beef from
dairy cow production replaces pork or poultry meat which would
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lead to lower credits for beef output increasing the net GHG
emissions of lower-yielding dairy cow production systems (Flysjö
et al., 2011a). Furthermore, we did not distinguish between
different qualities of beef. Whether beef from culled cows can be
considered equal to beef from suckler cow production should
continue to be discussed.

4.2. Variation in predicted GHG emissions and identification of most
important variables

We identified a relatively small impact of variability uncertainty
in production traits on variation in predicted GHG emissions within
the dairy cow production systems investigated. For all GHGs to
milk, variability uncertainty in replacement rate showed an impact
on variation in predicted GHG emission outcomes. Variability in
number of replacement heifers caused comparatively high varia-
tions in GHG emission outcomes. The impact of replacement rate
was higher for production systemswith lower-yielding cows due to
higher variability in replacement rate (Table 3). Thus, farmers,
especially those with lower-yielding herds, have a certain potential
to mitigate GHG emissions by increasing the longevity of dairy
cows. This finding agreeswith Garnsworthy (2004), who concluded
that in the UK a decrease in the number of heifers needed for
replacement could decrease CH4 emissions by 11% per herd
compared to 1995 levels.

The impact of replacement was small in case of system expan-
sion since the impact on GHG emissions due to changing numbers
of heifers was compensated by changes in beef output from culled
cows (GHG emission credit for avoided suckler cow beef produc-
tion). For system expansion, variability uncertainty in calving in-
terval showed an impact on variation in predicted GHG emission
outcomes. Calving interval affects the number of calves available for
bull, heifer and calf fattening and thus beef output/cow/year. Lower
calving intervals and thusmore calves/cow/year can be an option to
reduce GHG emissions considering both milk and beef production.
The potential of improvement is again higher within lower-yielding
dairy cow production systems as surplus calves of lower-yielding
Fleckvieh systems were assumed to have better fattening charac-
teristics resulting in a higher beef output/cow/year and due to
higher variability uncertainty in calving interval.

Regardless of the method used to handle co-products, higher-
yielding dairy cow production systems showed lower impact of
production traits on variation in predicted GHG emissions and thus
less potential for GHG mitigation. This may indicate that within
higher-yielding dairy cow production systems more focus is given
to management resulting in lower variability in production traits
among farms. A more narrow focus on herd management might
decrease variability in production traits among lower-yielding
farms.

Considering both epistemic uncertainty and variability un-
certainties variation in predicted GHG emissions increased for all
dairy cow production system. The emission factor of N2O from
Ninput had the highest impact for all GHGs to milk and the second
highest impact for system expansion on variation in predicted GHG
emissions. This result is consistent with Flysjö et al. (2011b) and
Basset-Mens et al. (2009), who found that this emission factor was
one of the highest contributors to uncertainty in GHG emissions
frommilk production. Uncertainty in the N2O Ninput emission factor
in our study mainly stemmed from model uncertainty in finding a
precise way to predict N2O emissions but also from inherent vari-
ability of N2O emissions over time and space. Model uncertainty of
N2O Ninput emission factor could be reduced if the location of dairy
farms was specified and measurements or models for single fields
were available. One approach to identify field specific N2O emission
factors in Germany is discussed by Dechow and Freibauer (2001).

Dechow and Freibauer (2011) emphasize that demand on amount
and quality of data is high and thus not often available for more
specified models. However, this additional information does not
reduce GHG emissions itself.

Furthermore, variability uncertainty due to temporal and spatial
variability within and between dairy farms would remain. There is
a high range of N2O emission factors caused by field differences (e.g.
type of soil and climate) (Jungkunst et al., 2006). Knowing site
specific variability of N2O emissions can, however, help to reduce
GHG emissions by specific management (e.g. reduce soil compac-
tion, adopted manure management, choice of suitable crops)
(Dechow and Freibauer, 2011; Van Groenigen et al., 2008).

For system expansion, the high uncertainty in the emission
factor for beef from suckler cow production explained 60e80% of
the total variation in predicted GHG emissions and thus dominated
uncertainty compared to all other input uncertainties. This high
parameter uncertainty resulted from a lack of data about which
suckler cow beef production system should be chosen to credit beef
production from dairy cow production systems. Epistemic uncer-
tainty in our model could be reduced if the origin and production
system of suckler cow beef used to credit dairy cow beef were
known, which requires knowing where beef would come from if it
was not produced as a co-product from dairy cow production.
These data are difficult to determine at a regional or international
level.

It has to be considered that the contribution of single model
parameters to variation in predicted GHG emissions depends
strongly on the parameters included in uncertainty modelling.
Epistemic uncertainty in emission factors for soybean meal due to
direct land use change had a large impact on variation in predicted
GHG emissions in other studies (Flysjö et al., 2012; Zehetmeier
et al., 2012), but this was not included in our study. The type
and amount of land use and land use changes due to changes in
dairy and beef production will be the focus of further studies.
Furthermore, feed conversion efficiency can be considered as an
important source of variability uncertainty between dairy cows
and farms (Henriksson et al., 2011) but was not investigated in this
study.

4.3. Probability of predicted GHG emissions for dairy cow
production systems

Our model showed high probability of occurrence that lower-
yielding dairy cow production systems have higher GHG emission
per kg of milk compared to higher-yielding systems when all GHGs
were allocated to milk (10,000 kg Holstein-Friesian-system
compared to 8000 kg Fleckvieh-system; 8000 kg Fleckvieh-
system compared to 6000 kg FV-system). This result is important
for dairy farmers who want to decrease GHG emissions per kg of
milk, e.g. if a carbon tax on GHG emissions were introduced.

For system expansion, the 10,000 kg Holstein-Friesian-system
had higher predicted GHG emissions than the 8000 kg FV-system
and the 6000 kg FV-systems, with a probability of 100 and 91%,
respectively. Variation in predicted GHG emissions within the
Fleckvieh systems was high. And switch from a 8000 kg Fleckvieh-
system to a 6000 kg Fleckvieh-system has a roughly equal proba-
bility of increasing or decreasing GHG emissions. At regional and
global levels, results of system expansion should help politicians
and decision makers to find appropriate measures to mitigate
GHG emissions from milk and beef production. This result also
shows that GHG abatement-policies (e.g. carbon taxes, agri-
environmental policies) need to consider both milk and beef pro-
duction systems to avoid leakages. However, it is important to point
out that the advantages of “system expansion” are countered by the
high degree of variation it gives to results.
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5. Conclusions

Comparing GHG emissions of dairy cow production systems and
exploring their potential of GHG emission leakage is a three-step
process. First, to identify “hot spots” (i.e. parameters that
contribute most to GHG emissions), methods such as “all GHGs to
milk” should be used to calculate GHG emissions based on the sys-
tem boundary of the dairy farm gate (Moran et al., 2011). In the
second step, system expansion can be used to ensure that production
systems with lower farm-gate GHG emissions do not inadvertently
increase overall GHG emissions due to shift of GHG emissions to
other food production sectors or countries (GHG emission leakage).
In the third step, stochastic models are particularly useful because
they provide insight into the robustness of model predictions
(Pannell, 1997). This study demonstrates the importance of taking
into account epistemic and variability uncertainties and one possi-
bility of GHG emission leakage (i.e. shift of GHG emissions from dairy
beef production to suckler beef production systems).

However, differences in milk yield are likely to lead to leakage
effects not only in beef production, but also e.g. in land use. Future
studies should explore additional leakage effects and epistemic and
variability uncertainties, e.g. of feed intake, cattle fattening systems
and manure management.

There is a big interest in quantifying carbon footprints. However,
our study shows that current LCA methods are not very precise
because of large epistemic and variability uncertainties. The
implementation of a single carbon footprint for different dairy cow
production systems is problematic because of these uncertainties
but also due to various other environmental impacts (e.g. biodi-
versity, nitrogen leaching).
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