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ABSTRACT

Nutrient management on grazed grasslands is of critical importance to maintain productivity levels, as grass
is the cheapest feed for ruminants and underpins these
meat and milk production systems. Many attempts
have been made to model the relationships between
controllable (crop and soil fertility management) and
noncontrollable influencing factors (weather, soil drainage) and nutrient/productivity levels. However, to the
best of our knowledge not much research has been performed on modeling the interconnections between the
influencing factors on one hand and nutrient uptake/
herbage production on the other hand, by using datadriven modeling techniques. Our paper proposes to use
predictive clustering trees (PCT) learned for building
models on data from dairy farms in the Republic of Ireland. The PCT models show good accuracy in estimating herbage production and nutrient uptake. They are
also interpretable and are found to embody knowledge
that is in accordance with existing theoretical understanding of the task at hand. Moreover, if we combine
more PCT into an ensemble of PCT (random forest
of PCT), we can achieve improved accuracy of the
estimates. In practical terms, the number of grazings,
which is related proportionally with soil drainage class,
is one of the most important factors that moderates the
herbage production potential and nutrient uptake. Furthermore, we found the nutrient (N, P, and K) uptake
and herbage nutrient concentration to be conservative
in fields that had medium yield potential (11 t of dry
matter per hectare on average), whereas nutrient uptake
was more variable and potentially limiting in fields that
had higher and lower herbage production. Our models
also show that phosphorus is the most limiting nutrient

Received March 5, 2019.
Accepted July 1, 2019.
*Corresponding author: stevanche.nikoloski@ijs.si

for herbage production across the fields on these Irish
dairy farms, followed by nitrogen and potassium.
Key words: nutrient uptake, herbage production,
predictive clustering trees, random forest
INTRODUCTION

Grasslands make a significant contribution to food
security through providing part of the feed requirements of ruminants used for meat and milk production. There is a renewed interest in grazing systems in
many temperate and subtropical regions of the world.
In Ireland, more than 90% of the agricultural area consists of pasture, grass silage or hay, and rough grazing
(O’Mara, 2008). The utilization of grass by grazing
should provide a sustainable basis for livestock production systems, as grazed grass is the cheapest source
of nutrients for ruminants (O’Donovan et al., 2011).
With feed cost accounting for more than 75% of the
total variable costs on these livestock farms (Connolly
et al., 2010), the production of sufficient grass for the
grazing herd has a significant effect on farm profitability (Shalloo et al., 2004; Finneran et al., 2010). From
2013 to 2015, average levels of grass DM production on
intensive dairy farms measuring grass in Ireland ranged
from 8.0 to 18.5 t/ha (O’Leary et al., 2016). Grass
production between and within farms can vary widely
depending on several soil-, climate-, and managementrelated factors.
Potential herbage production on a farm system is the
result of management practices in a given environment.
Management practices are controllable factors and
include crop management, soil fertility management,
and sward composition. Environmental conditions are
noncontrollable factors and include soil type/drainage
and weather.
Most agricultural soils are treated periodically with
fertilizers or organic manures and lime to correct mineral element deficiencies or toxicities and subsequently
promote growth of grass. The nutrient management
strategy practiced on grassland farms in Ireland is
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usually based on soil nutrient leaves and the stocking
rate of the farm (Wall and Plunkett, 2016). Managing
soil fertility levels closely, especially soil pH, can ensure
that potential herbage production is not being limited
by nutrient availability in the soil. Nitrogen is often a
main limiting nutrient in temperate soils. Intensively
managed grazed grasslands generally receive multiple
applications of fertilizer N during the growing season to
increase the forage available to grazing animals. Losses
of N and P from such intensively managed systems
have also come under scrutiny due to their effect on
water quality, air quality, acidification, and anthropogenic climate change (Dillon and Delaby, 2009). As a
result of such concerns, restrictions on fertilizer use for
grasslands were implemented in many parts of Europe
under the European Union Nitrate Directive (Nitrate
Directive, 1991). This combination of economic and
environmental factors makes improved efficiency of
fertilizer N use central to any strategy for sustainable
grassland production systems.
Fertilizer input in grazed grasslands is usually linked
to the grazing schedule, with fertilizer N in particular
applied after each grazing. Recovery of N, P, and K
in grass herbage can be highly variable depending on
the date and rate of application (Vellinga et al., 2010).
In Ireland, swards are typically grazed at intervals of
between 21 and 28 d during most of the grazing season and there may be a carry-over effect of nutrient
applications and deposition by the grazing animals to
the following growth interval. Herbage production and
nutrient recovery are also affected by site factors such
as soil type. Soil N mineralization rates can vary considerably, both seasonally and between soils (Herlihy,
1979; Nunan et al., 2000), and contribute a significant
proportion of N to grass growth on farms (Humphreys
et al., 2008).
However, emphasis is currently being put on achieving a high number of grazings per field, as this is closely
correlated with herbage production (Hanrahan et al.,
2017). The rate of reseeding currently practiced in
Ireland is low (Creighton et al., 2011). Sward composition is an important contributor to potential yield also.
A perennial ryegrass (Lolium perenne L.) dominated
sward is likely to produce higher yield than mixed grass
species swards (Smith and Allcock, 1985; Ergon et al.,
2016). A sward that incorporates white clover (Trifolium repens L.) can be managed to offset N fertilizer
inputs due to its N fixing capacity.
Soil type and soil drainage class refers to the physical, chemical, and biological soil characteristics. The
sum of these properties is a very important factor that
contributes to the potential herbage production, but is
commonly overlooked. Weather, specifically rainfall, is
Journal of Dairy Science Vol. 102 No. 11, 2019

a major limiting factor in the implementation of any
agronomic strategy.
Modeling herbage production, as well as nutrient
uptake, is difficult because of the number of environmental and management factors that affect the final
result. The farm system is made up of multiple moving
parts. It can be very difficult to implement a practice
change and expect to achieve an isolated and easily
measurable difference. The model can consider multiple
factors acting together (i.e., multiple moving parts).
Potential yield depends on factors associated with the
site in question. It is better to consider all the factors
together, or as many of them as possible, although this
could be impractical because of economic and time
constraints.
This complexity of the farm system is the reason why
research often uses component type studies. Schils et al.
(2007) developed a whole-farm dairy simulation model,
called DairyWise, which simulates some environmental,
technical, and economic processes on a dairy farm. The
DairyWise model is evaluated using 2 data sets consisting of 29 dairy farms. As output, this model provides
a farm plan describing all nutrient flows, as well as
the consequences to the environment and economy. The
outputs of DairyWise model components are further
used as inputs in other environmental, economic, or
technical sub-models.
Plot-, field-, or farmlet-scale studies provide the insight needed to address a problem, but they does not
give the real picture of possible trade-offs and synergies between the controlling factors at hand. For that
reason, in this study, we rely on a data-driven approach
to modeling. We use predictive clustering trees (PCT;
Blockeel et al., 1998), which are a generalization of decision trees, adapted for structured output prediction
tasks. So far, PCT have been applied in many different environmental domains, for instance, for predicting
the abundance of different species occupying the same
habitat (Demšar et al., 2006), estimating different vegetation quality indices for the same site (Kocev et al.,
2009), or predicting the composition of a community of
organisms (Levatić et al., 2015a).
Predictive clustering trees can consider multiple
factors acting together (i.e., multiple moving parts)
and can also deal with multiple targets (responses),
where the task at hand is called multi-target regression (MTR). The MTR task is to predict/estimate
the values of multiple targets simultaneously and PCT
solve this task by building one predictive model for all
of the targets. Recent research shows that PCT are superior to most of the state-of-the-art machine learning
algorithms for MTR (Kocev et al., 2009). Furthermore,
trying to improve the predictive performance of a single

MACHINE LEARNING ON IRISH DAIRY FARMS

PCT, Kocev et al. (2013) proposed to combine a set of
single (base) predictive models into an ensemble of tree
models. For basic regression tasks, it is widely accepted
that ensemble model learners improve over the predictive performance of single-tree learners (Kocev et al.,
2013).
In this study, we use PCT for MTR, as well as ensembles (random forests) of PCT to estimate herbage
production potential and N, P, and K uptake by using soil, environmental, and management attributes.
Individual PCT are interpretable and can be used for
the visualization of input variable interactions and the
dependency of the target thereof. The lack of interpretability is the main drawback of ensemble learners
because overall predictions of ensemble are the average of the predictions from each tree in the ensemble.
We use the PCT to obtain insight into the domain
of study and ensemble of PCT to obtain estimates of
herbage production and nutrient uptake. The latter can
be used, for example, to create accurate maps for the
response(s) of interest.
This study aims to address the question of why herbage production potential can differ greatly between
regions and even farms. We have a data set for 15 dairy
farms in Ireland, where a range of soil (S), environmental and weather (E), and management (M) variables
has been measured (see Appendix Table A1).
The goal of this study was to address the following
research questions related to herbage production and
nutrient uptake on grazed grassland-based dairy farms
in temperate regions:
• What are the main drivers of herbage production
on grassland-based dairy farming systems?
• How do nutrient supply and nutrient (N, P, and
K) uptake affect herbage production?
• How do S, E, and M variables interact within a
grazed grassland farming system to affect herbage
production and herbage nutrient uptake?
The remainder of this paper is organized into the following sections. The Materials and Methods section
describes the data we used in our experiments, as well
as the way in which it was collected. In this section, we
also present the machine learning methodology we used
for building the models and specify the design of the
machine learning experiments. The Results and Discussion section presents and discusses the obtained models
(trees and ensembles) in terms of their predictive performance and interpretability. Finally, we present the
conclusions of this work and outline its implications
and potential outcomes for advisory services and grassland management on dairy farms.

MATERIALS AND METHODS
Data Description and Collection

A scoping process was carried out with several advisors across 3 counties (Wexford, Cork, and Tipperary),
which led to the selection of 15 commercial Irish dairy
farms.
All of these farms are specialized dairy farms and
were selected based on farmer willingness to adopt new
practices and have good record-keeping skills. The final
selection included production intensity and soil drainage differences so that a range in each category would
be captured. It must be noted that this approach to
selection may bias the results toward more progressive
farmers who farm in the south and south-east of Ireland.
In terms of milk delivered and concentrate per cow,
this cohort was slightly above the national average of
861 kg per cow in 2015 (Hennessy and Moran, 2015).
However, this selected group of farms is representative
of main intensive dairy regions of Ireland. It was expected that many dairy farms would expand or intensify post milk quota abolition in March 2015. In 2015,
11 out of the 15 farms had a derogation to farm more
intensively (i.e., stocking rates between 170 and up to
a maximum of 250 kg of organic N/ha) and in 2016
all 15 farms were in this more intensive stocking rate
category.
General Farm System and Soil Data Collection

Management (controllable factors) and environmental (noncontrollable factors) data were collected for 804
fields on the 15 farms for 2 yr (2015 and 2016). A detailed description for each factor is given in Apppendix
Table A1. Information on how the data were collected
is given below.
General biophysical, farm system, and management
activity data were collected by visiting each farm 3
times per year. During these visits, information such as
the number of fields and paddocks, area of individual
fields, area used for grazing the dairy herd, duration of
periods that the livestock are grazing versus indoors,
slurry production system and quantity, and grazing
infrastructure and grassland management (i.e., areas
used for grazing vs. silage) were recorded and further
verified by repeating pertinent questions during subsequent visits. A survey of the soils (general soil classification using the Irish Soil Information System (Simo et
al., 2008) and ground-truthing using soil auguring, field
orography (aspect, topography), and sward composition on each farm was conducted during 2015.
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Nutrient and Management Activity Data Collection

The farms in the study recorded nutrient use and
grassland management at the field or paddock scale
using an online software package PastureBase Ireland
(Hanrahan et al., 2017; Teagasc, 2019). Some farmers
choose to keep written records of fertilizer and manure
applications and other field management information,
such as reseeding and grazing events. The accuracy of
record keeping was improved by sending monthly text
message reminders to each farmer participant over the
2-yr period to visit the farms quarterly to record any
missing information. For all farms, at least the following details were collected: field name and area, fertilizer type (chemical fertilizer type, organic manure type,
soiled water, lime, or other), quantity applied (kg or t/
ha) and date of application, and number of grazings per
field or paddock area. Total concentrates imported and
organic N stocking rate data were collected from the
fertilizer plans developed by the advisor and farmer for
each individual farm. These records were collected annually on site or downloaded from the online software
package used by the farmer. To maintain consistency,
all records were downloaded or transcribed individually
and structured before analysis. Total milk sold from the
farm and cow herd size data were collected online from
the Irish Cattle Breeding Federation website (ICBF,
2018).
Herbage Production and Accumulation

Total herbage production and annual herbage accumulation was recorded by the farmer on a per field
basis throughout the growing season using a sward cut
and weigh technique or a calibrated falling plate meter
(Li et al., 1998; Smit et al., 2005). Farmers were asked
to carry out weekly pasture measurements on each field
or paddock on the main grazing area used for the dairy
herd. These measurements were entered into the PastureBase Ireland software, which calculated a grass feed
budget and the total quantity of grass grown and accumulated annually. At the end of each year, the annual
herbage accumulation (kg of DM/ha) corresponding to
each field or paddock on each farm was downloaded
from the PastureBase Ireland software.
Herbage Nutrient Concentration

On each farm, herbage samples were taken from all
fields/paddocks at 3 times over the growing season,
corresponding to spring, summer, and autumn, to determine macro- and micro-nutrient concentrations in
the herbage DM. On each sampling occasion, a 0.5 m ×
Journal of Dairy Science Vol. 102 No. 11, 2019

0.5 m area was randomly selected at 3 locations moving
down the long axis of each field, an adaptation of the
approach of Sheridan et al., (2008). The herbage was
sampled from all 3 areas, using electronic grass shears
to a height of 4 cm, as would be typical of grazing
conditions. The samples from the 3 areas were bulked
and a subsample was taken for nutrient testing in the
laboratory. The subsample was oven-dried for 48 h at
40°C and following this was ground to pass through a
1-mm mesh in preparation for chemical analysis.
Herbage nutrient concentrations (g/kg of DM) were
determined in the laboratory as follows: herbage N concentration was determined by C & N analyzer (Leco
Corporation, St. Joseph, MI). Major nutrients (g/kg
of DM) such as P, K, and Mg were determined by inductively coupled plasma atomic emission spectroscopy
following hot acid (HNO3) digestion and following the
method by Byrne (1979). Pasture nutrient uptake was
calculated for each field during the spring, summer,
and autumn periods of 2015 and 2016 by multiplying
the herbage DM produced (kg of DM/ha) during each
period by the measured herbage nutrient concentration
(g/kg of DM) for the period. Total annual herbage
nutrient uptake was expressed as kg N, P, or K per
hectare by summing the nutrient uptake values for each
of the 3 periods in 2015 and 2016.
Machine Learning Methods

To estimate herbage production and nutrient uptake
from soil, environmental, and management variables,
we applied machine learning methods to the data described above. In particular, we used PCT to capture
and visually represent the dependencies between the
input variables and the response variables, where the
latter are considered both individually (single-target
PCT) or jointly (multi-target PCT). Moreover, to get
more accurate estimates, we used ensemble of PCT
(i.e., random forests of PCT). In this subsection, we
will present in detail the methodology used for building
the PCT models.
Predictive Clustering Trees. Predictive clustering
trees are obtained by using the well-known top-down
induction of decision trees (TDIDT) algorithm (Blockeel et al., 1998). The TDIDT takes a set of examples
as input and produces a tree model as output. At
the beginning, the TDITD procedure selects test on
an attribute (independent variable) for the top node,
by using a heuristic function computed on the training examples. The heuristic function favors tests that
partition the data so that the examples that go to one
branch/cluster (tree node) are as similar as possible. To
increase cluster homogeneity, heuristic function chooses
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the partition that maximally reduces the inhomogeneity,
as measured by the variance function. The partitioning
procedure continues to recursively split the examples
in each subset of resulting partition until a stopping
criterion is satisfied. The stopping criterion prevents
the tree from overfitting to the training data at hand.
When the stopping criterion is met, examples are not
split further. A representative value (i.e., prototype) is
calculated for the response variables is are stored in the
corresponding leaf of the tree (as a prediction).
Two main functions define the algorithm for learning
PCT, the variance function, and the prototype function, which computes a representative prediction value
for each leaf.
In PCT, both functions can handle multiple response
variables, as is required in MTR. This is the main difference between PCT and standard decision trees. The
PCT are implemented in the CLUS system (https:/
/sourceforge.net/projects/clus/). For further information on PCT, we refer the reader to Kocev et al. (2013).
Several known tree pruning (stopping) criteria are
known that can be used to prevent overfitting, such as
specifying the minimal number of examples that must
be present in each leaf of a tree and performing F-test
pruning, which checks whether a given split yields a
significant reduction of its variance. The use of pruning
methods typically increases a tree’s interpretability and
improves its predictive performance (accuracy).
The advantageous properties of PCT are inherited
from standard decision trees. In PCT, no assumptions
are made on the probability distributions of the independent and response variables. The PCT can handle
missing values in both the independent and the response
variables and are tolerant to noisy and redundant variables as well. Moreover, PCT work with different type
of both input and response variables, such as discrete
or continuous. Furthermore, they are computationally inexpensive to learn and very easy to interpret.
While constructing clusters, PCT also produce cluster
descriptions. Hence, PCT are readily interpretable,
efficient and robust, and have satisfactory predictive
performance.
Random Forests of PCT. Random forests of PCT
(Kocev et al., 2013) is an ensemble learning method
also implemented in the CLUS system. They are constructed by using the PCT learning algorithm in CLUS,
modified to follow the random forest method proposed
by Breiman (2001). The forest of trees is built by using
different bootstrap replicates of the training data and
by using a randomized version of the PCT learning
algorithm that changes the space of input variables dynamically during the learning process. Bootstrap replicates are generated by random sampling of examples
from the training set with replacement, until the same

number of examples as in the original training set is
sampled. In the random forest algorithm, there is a
random selection of input variables (attributes); that
is, at each node, a random subset of attributes is taken
from the descriptive space D and the best split selected
among those is used at the given node. There are different ways of setting the number of randomly selected
descriptive attributes {f(D) = 1, f(D) = [sqrt(D)] + 1,
f(D) = [log2(D)] + 1, and so on}. The response value
predictions for a new instance in a random forest of
PCT are calculated by combining the predictions from
all base predictive models. In the MTR task, the prediction for each target is defined as the average of the
predictions obtained from each PCT.
Design of Machine Learning Experiments

To obtain insights into the most influential factors
driving the herbage production potential of grasslands
on dairy farms and finding some potentially new knowledge from data collected from such farms, we investigate 4 different scenarios. Over time the interaction of
intrinsic soil factors and environment factors creates
stable soil environments that can be categorized by
soil drainage class. To further explore the influence of
field management on herbage production, we split the
original data set into 3 data sets based on a different
drainage class to further isolate these management effects in the model analysis. Hence, we used 4 data sets
for analysis:
• complete data set (CD): consists of all 804 examples, CD = WD ∪ SPD ∪ PD;
• well-drained data set (WD): consists of 606 examples that belong to well-drained soil samples;
• somewhat poorly drained data set (SPD): consists of 122 examples that belong to somewhat
poorly drained soil samples; and
• poorly drained data set (PD): consists of 76 examples that belong to poorly drained soil samples.
In our machine learning experiments, we learned PCT
and random forests of PCT from the above data sets.
In particular, we learned single-target PCT to estimate
herbage production from S, E, and M variables and
from nutrient uptake. We also learned multi-target
trees to estimate the 4 response variables (herbage production and N/P/K uptake) for each of the 4 data sets.
When learning single PCT, we used the F-test pruning algorithm with 8 significance levels: 0.001, 0.005,
0.01, 0.05, 0.1, 0.125, 0.25, and 1.0. By using internal
3-fold cross validation, the optimal significance level
was chosen that minimizes the evaluation measure. Besides F-test pruning, we also used different values for
Journal of Dairy Science Vol. 102 No. 11, 2019
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the parameter minimum number of instances per leaf
in all different scenarios. Namely, in CD and WD, we
specified 32 as the minimum number of instances in a
leaf, since we have a larger number of instances. Then,
in SPD and PD data sets we specified 8 as the minimum number of instances in a leaf, since SPD and PD
are data sets with a smaller number of examples. To
obtain the tree where N, P, and K uptake are used as
descriptors to estimate herbage production potential,
we used single PCT with a minimum of 64 examples in
a leaf with F-test pruning with a 1.0 significance level
(default setting).
In the ensemble setting, that is, when using random
forests of PCT, we set f(D) = [sqrt(D)] + 1 as the number of randomly chosen attributes from the descriptive
space D. Moreover, we set 100 as the number of baselevel models (PCT) in the ensemble.
We evaluated the models by using 10-fold cross validation. More specifically, the whole data set was first
randomly split into 10 folds. Next, 9 folds were used
for training, and the remaining one for testing. The
second step in the procedure was repeated 10 times, so
that each fold is used exactly once as a test set. The
reported results represent the average of all 10 runs.
For assessing the performance of machine learning
algorithms, several empirical evaluation measures can
be used. In our experiments, we employ 2 well-known
measures: the Pearson correlation coefficient (r2) and
relative root mean square error (RRMSE). The values
of r2 range between 0 and 1. Perfect correlation is obtained when r2 = 1. Therefore, the closer to 1 the value
of r2 is, the better performance is achieved (higher r2
is better). The RRMSE relates the average magnitude
of the error (differences between predictions and actual
observations) to the error made by the default predic-

tive model, predicting the mean of the observed values.
The best performance in terms of RRMSE is obtained
if the value of RRMSE is 0 (lower RRMSE values are
better).
Our experiments were performed in the PCT framework. The PCT framework is implemented in the CLUS
system (Blockeel and Struyf, 2002), which is written in
Java and is open source software licensed under the
GNU General Public License. The CLUS system is
available for download at http://clus.sourceforge.net/
projects/clus/.
RESULTS AND DISCUSSION

In this section, we provide interpretations of the
obtained trees and discuss them in the context of the
research questions defined in the introductory section.
What Are the Main Drivers of Herbage Production
on Grassland-Based Dairy Farming Systems?

We used single-target regression PCT to estimate
herbage production using the available S, E, and M
variables to investigate the main drivers of herbage
production on Irish dairy farms. We started with an
interpretation of the tree that estimates the herbage
production potential given the S, E, and M attributes,
[i.e., herbage production = f (S, E, M), which means
that the created trees construct the f function that outputs the predictions for herbage production and uses
the S, E, and M attributes as an input] learned from
the entire data set (Figure 1).
The model in Figure 1 selects the number of grazings
(NoGrazings) as the top descriptor related to the total
annual herbage accumulation (grazing and silage). It

Figure 1. Single-target regression tree for estimating herbage production [i.e., herbage production = f (S, E, M)]. S = soil; E = environment
and weather; and M = management. Colored nodes are related on 3 different categories: category 1 (red): high herbage production potential;
category 2 (blue): medium herbage production potential; and category 3 (green): low herbage production potential.
Journal of Dairy Science Vol. 102 No. 11, 2019
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is logical that nutrient uptake and herbage accumulation will increase with the number of grazing events
(NoGrazings). Where herbage production is higher,
there is more biomass for the grazing animals to eat
and to support grazing events more frequently over
the growing season. The majority of grazing events
were preceded by an application of chemical fertilizer,
mainly N, which is a farm management factor promoting increased herbage production. Additionally, during
every grazing, some of the nutrients in the herbage
consumed were recycled back to the soil in the form of
nutrient excretion and deposition (dung and urine) by
the grazing livestock, which is not a farm management
factor, but a natural process. Overall, the organic and
inorganic nutrient inputs, coupled with plant growth
stimulation (tillering) through grazing events, led to
increased herbage production and nutrient uptake.
Table 1 shows the proportion of well-drained fields
in each NoGrazings category identified by the model.
Table 1 indicates that the number of grazing events
per field is also related to the soil drainage class. The
number of fields in the well-drained class decreased as
the number of grazings decreased (see Table 1 and Figure 1). The proportion of well-drained fields (WD/Σ)
decreases with NoGrazings, as we examine the model
(PCT) from the left to the right. We have 82.4% of
well-drained sites for NoGrazings > 7 and only 36.8%
for NoGrazings < 3.
Therefore, the model also captures to some degree the
biophysical constraints on grazing events and separates
the explanation of total annual herbage accumulation
into 3 main categories: high (14,300 kg of DM/ha on average), medium (11,600 kg of DM/ha on average), and
low (6,300 kg of DM/ha on average), strongly related
to drainage class differences. In general, the model indicates high annual herbage accumulation potential on
well-drained soils, medium accumulation potential on
somewhat poorly drained soils, and low accumulation
potential on poorly drained soils.
Next we interpret the parts of the model (PCT in
Figure 1) that correspond to each of the 3 categories

(i.e., to fields with different herbage accumulation potential).
Category 1: Fields with High Herbage Accumulation Potential. At the main node of this component,
we find the test Meat_offtake >645.63 kg/ha. Meat offtake is directly related to the stocking rate per hectare,
as each cow produces a calf and will gain BW as they
mature. In addition, the greater the stocking rate, the
greater the nutrient recycling under grazing management as the excess N and K, in particular, are excreted
in dung and urine. However, increased nutrient offtake
in meat may also affect the nutrient balance and can
typically lead to deficits in P where fertilizer P inputs
are low (Buckley et al., 2016). For these fields with
high herbage accumulation potential, the model shows
that larger Meat_offtake is positively related to higher
herbage accumulation. Fields with high stocking rates
typically receive high inputs of inorganic and organic
fertilizer inputs seasonally to boost herbage production
rates. This Meat_offtake >645.63 kg/ha threshold is
very high and indicates fields with very high stocking
rate, much higher than the average for this study group
of farms.
Next, the model splits the fields samples based on
the attribute Soil_K_Morgan >125.88 mg/L. In this
case, the model chooses soil K fertility to discriminate
between the herbage accumulation potential of different fields. We found that, in general, Soil_K_Morgan
was positively related to soil P and Mg fertility and
can be viewed as a proxy for soil fertility levels. When
Soil_K_Morgan >125.88 mg/L, then, on average, P
and Mg were higher too (i.e., average soil fertility was
higher). When Soil_K_Morgan ≤125.88 mg/L, the
average P and Mg were lower (i.e., the average soil
fertility was lower). Lower soil fertility results in lower
herbage production (Wall and Plunkett, 2016), which
is also indicated by the model. The Mg, K, and P are
all essential nutrients for optimum soil fertility for grass
production. Each of them is determined by taking a
soil sample from the field and chemically testing them
for their nutrient concentration. According to the soil

Table 1. The percentage of samples in different drainage classes calculated according to the intervals of
number of grazings that appear in the predictive clustering tree model in Figure 1 (from left to right)
Drainage class

Item1
X>7
5<X<7
3<X<5
X<3

Welldrained
(WD)

Somewhat
poorly drained
(SPD)

Poorly
drained
(PD)

∑
(%)

WD/∑
(%)

SPD/∑
(%)

PD/∑
(%)

266
216
76
42

41
24
22
35

16
2
21
37

323
242
119
114

82.4
89.3
63.9
36.8

12.7
9.9
18.5
30.7

5.0
0.8
17.6
32.5

1

X = no. of grazings.
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index system for K in mineral soils in Ireland, a value
above 100 mg/L is considered agronomically optimal for
grass production (Wall and Plunkett, 2016). The model
identified a Soil_K_Morgan ≤125.88 mg/L threshold,
slightly above the level deemed to be optimal by Wall
and Plunkett (2016). However, on very high yielding
pastures, the K requirement is also high, and under
such circumstances, the short-term K supply capacity
for plant uptake may be limited in soils with high levels
of K fertility.
Next, the model splits fields based on the test
Chem_P_input >12.2 kg/ha. Fields with higher chemical P inputs had higher herbage accumulation over the
growing season. Chemical fertilizer P is readily available for plant uptake and is typically applied in several
fertilizer applications during the growing season to meet
the seasonal growth requirements of the grass. Chemical fertilizer P inputs were proportionally the largest
of total P inputs on these dairy farms. The majority
of the remaining P inputs came from organic manure
P inputs, with some concentrate feed-derived P inputs
entering the grazing system through parlor feeding at
milking time. The model selected a Chem_P_input
threshold of 12.2 kg/ha to discriminate between fields
of different herbage production potential. This threshold P input value is slightly less than the chemical P
input requirements for soil P fertility maintenance for
grazing only fields on dairy farms (14–19 kg of P/ha;
Wall and Plunkett, 2016) and indicates that fields with
Chem_P_inputs lower that the threshold of 12.2 kg/
ha were likely to be in P deficit (i.e., mining P from
the soil over time). This situation is likely to affect soil
P fertility and negatively affect herbage production as
indicated by the model.
Category 2: Fields with Medium Herbage Accumulation Potential. For this component of the
model tree, N_recycled_per_field >5.43 kg of organic
N/ha was selected as the test for selecting fields, with
higher N recycling, having a higher average herbage
accumulation as compared with to those with less N
recycled. Nitrogen recycled refers to the quantities of
N excretion (dung and urine) the cow recycles back to
the field during grazing throughout the year. The nutrients available for recycling are left over after the cow
metabolizes nutrients for milk and meat production
first. In a grazed grassland farming system, dung and
urine patches contain very high concentrations of N.
While the patches are not distributed evenly across the
field and lead to heterogeneous soil mineral N levels, if
the fields are grazed more often or the stocking rate is
relatively high, it is likely that the density of urine and
dung patches per unit area grazed will be higher, thus
contributing more nutrients across the area to drive
grass production. On closer investigation, the fields
Journal of Dairy Science Vol. 102 No. 11, 2019

identified by the model with N_recycled_per_field
>5.43 kg of organic N/ha corresponded to farms with
an average dairy grazing platform stocking rate greater
than 170 kg of organic N/ha (i.e., 2 livestock units/
ha) and were predominantly grazed. This indicates
that fields with N_recycled_per_field >5.43 kg of organic N/ha are associated with higher stocking rates,
are predominantly grazed, and have more N excretion
compared with fields with very low N recycled (<5.43
kg of organic N/ha).
At the next level of the tree, the test selected was
LandUseCropping = GrassOneCutPlusGrazing. While
taking a cut of silage removes nutrients in the harvested grass, increased fertilizer applications are used
on fields selected for grass silage production and may
drive increased herbage production. Typically, 2 fertilizing scenarios arise: (1) Fertilizer added pre-harvest:
the field was managed to provide sufficient fertilizer
inputs to produce enough herbage biomass for a silage
cut. During this period of the year, typically early summer, higher qualities of fertilizer were applied to these
fields compared with fields that are used for grazing
only. (2) Fertilizer added post-silage harvest: after the
herbage biomass has been harvested for silage, fertilizer was added to the system to ensure the grassland
was adequately supplied with nutrients to recover after
the cutting and harvesting event. In addition, grassland that is managed for silage production has higher
yield potential as the plants grow to a more mature
stage up to harvesting time, where they can intercept
more light for photosynthesis and the total herbage
biomass is greater compared with typical cumulative
grazing biomass yield for the same period. As a result,
the herbage biomass used for silage had higher nutrient
concentration and total nutrient removal from the soil.
Next the Milk_offtake >24,493 L/ha, which was the
total amount of produced milk for each field, was used
to split the herbage accumulation of the fields into 2
groups. Those with higher milk offtake had a mean
herbage accumulation of 14,906 kg of DM/ha and those
with lower milk offtake had a mean of 12,974 kg of DM/
ha. This splitting condition Milk_offtake distinguishes
between higher and lower stocking rates. The average
milk yield per cow in Ireland was 5,036 kg of milk per
cow between 2013 and 2015 (Teagasc, 2016) and this
threshold of Milk_offtake >24,493 L/ha indicates that,
on average, the stocking rate on the dairy grazing platform fields above this milk offtake threshold was 4.75
cows per ha.
At the bottom level of the tree, the test W_CloverClass = Low best discriminated herbage production
across the remaining fields that had the lowest herbage
production in the medium herbage production category.
The presence of white clover is expected to contribute a
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Response variable

Single-target regression
Total_herbage_production (herbage
  production)
Total_Herbage_N_uptake (N)
Total_Herbage_P_uptake (P)
Total_Herbage_K_uptake (K)
Average (herbage production, N, P, K)
Multi-target regression
Herbage production + N + P + K
  Herbage production
  N
  P
  K
Average (herbage production, N, P, K)

RRMSE
r2
RRMSE
r2
RRMSE
r2
r2
RRMSE
r2

RRMSE

Forest with 100 trees
Pruned tree
Unpruned tree
Pruned tree

Testing performance
Testing performance
Training performance

Unpruned tree

Optimal
F-test
significance
level

Regression trees (PCT) built with F-test pruning

Table 2. Performance results for the complete data set achieved by predictive clustering trees (PCT) for single- and multi-target regression1

source of N for grass uptake. However, in this case, the
model identifies high levels of white clover as an herbage production limiting factor (i.e., fields with white
clover had lower overall annual herbage accumulation).
According to Murphy et al. (2018), fields with high
levels of white clover present also received high levels of
fertilizer N inputs. Under such practice these fields with
white clover present will not efficiently use the fixing
capacity of the white clover for total herbage production. Fields with a high sward composition for clover
received the highest average chemical N input (236
kg of N/ha). However, these fields had lower annual
herbage accumulation (11,200 kg of DM/ha) compared
with fields with low sward clover composition (12,800
kg of DM/ha) with slightly lower average chemical N
input (228 kg of N/ha). This may be a result of too
much clover in the grass sward having a negative effect
on perennial ryegrass growth because of shading and
competition for nutrients and water, thus reducing the
total annual herbage accumulation.
Category 3: Fields with Low Herbage Accumulation Potential. Examining the fields with lower
overall herbage production potential in the tree (on the
right side of Figure 1), we can see that only 2 attributes
are used for splitting: NoGrazings and LandUseCropping. The number of grazings on this side of the tree is
very low (<3) and the fields within this node had a very
high proportion of low drained sites. This indicates that
soil drainage was an overriding factor limiting grassland management and herbage production, which was
on average 6,264 kg of DM/ha for all the fields in this
category.
Next, we discuss the descriptive and predictive
performance of the models. We consider the descriptive (training) and predictive (testing) performance
of single PCT and ensemble of PCT (random forest)
for single-target regression and MTR tasks. All results
considering the model performances for all possible
scenarios, based on the CD, are shown in Table 2. The
results consist of per target values and averaged values
for r2 and RRMSE.
We can see that the (pruned) model (i.e., single
PCT), shown in Figure 1 and obtained using F-test
pruning, has a descriptive performance of r2 = 0.766
and RRMSE = 0.484. We show the descriptive performance of the original nonpruned model as well (r2 =
0.777 and RRMSE = 0.472) to compare how good the
F-test pruning method is. We can see that the descriptive performances are very similar (i.e., the difference is
only 1%). This is an advantage of this pruning method
because we do not use the original model and avoid the
possibility of overfitting.
The predictive performance estimate obtained using
by 10-fold cross validation is r2 = 0.715 and RRMSE

Random forest of PCT
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= 0.5346. This is a quite good predictive performance,
considering the problem complexity and domain diverseness. Observing the results obtained by using
ensembles of PCT (i.e., random forests of PCT), as
expected, we can see an improvement (approximately
8%) for the predictive performance (r2 = 0.798 and
RRMSE = 0.477). The problem with ensembles from
a domain expert point of view is their interpretability.
The random forests cannot be interpreted, but can be
easily used if the domain expert is only interested in the
accurate predictions (for example, for drawing an accurate map). In our case, we are also interested in elucidating the interactions and interconnections among
the variables (attributes).
How Do Nutrient Supply and Nutrient (N, P, and K)
Uptake Affect Herbage Production?

To investigate this question, we model herbage accumulation as a response variable, using nutrient uptake
for each field as an independent variable, to investigate
how the herbage production is driven by soil fertility
and nutrient supply. The nutrient uptake value represents the nutrients that the grassland herbage has
removed from the soil and will be consumed and utilized by the cow. The cow requires these nutrients to
produce milk and meat. After this, the cow excretes the
residual nutrients, not used for production, in dung and
urine. While we expect nutrient uptake to be closely
related to the annual herbage production, we propose
this modeling analysis to identify the most limiting nutrient influence on herbage production. In Figure 2, we
examine how the herbage production levels across the
grassland dairy fields were categorized based on their

nutrient (N, P, and K) uptake. The purpose of Figure
2 is to present how herbage production is driven by
nutrient uptake rather to make predictions. Nutrient
uptake variables are considered to be response variables
in the remaining analyses.
The tree clearly indicates that Total_Herbage_P_
uptake is the most limiting nutrient driving herbage
production, since it appears in the top levels of the
tree. The tree is generated by using the PCT algorithm,
where the descriptors (independent variables) are total
herbage N, P, and K uptake and annual herbage accumulation is the response. The next most important
driver was Total_Herbage_N_uptake that appears
in the third level of the tree and is followed by Total_Herbage_K_uptake in the fourth level. This model
provides new insight into the obvious interconnection
between these nutrients and how they relate at different herbage production levels, where the supply and
uptake for these nutrients vary.
We further investigated the nutrient (N, P, and K)
uptake levels in the herbage produced as per the groupings (leaf nodes) of fields identified by the PCT in
Figure 1 and their relation to the N:P ratio, as shown
in Figure 3. Each panel depicts on the y-axis one of the
4 response variables, whereas the N:P ratio is shown on
the x-axis. Each point corresponds to one of the leaves
of the PCT in Figure 1.
Figure 3A shows a weak positive relationship (r2 =
0.197) between the herbage accumulation and the N:P
ratio for these field groupings. For the majority of these
field groupings, N, P, and K appear to be sufficiently
supplied. However, variability exists between them and
when the average nutrient concentrations in the herbage measure in the herbage form fields within these

Figure 2. Estimating herbage production by using N, P, and K uptake as descriptors [i.e., herbage production = f (N, P, K)].
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groupings is evaluated, indications of nutrient limitations for achieving maximum herbage production arise.
Figure 3B indicates that N may be somewhat limiting
in field groups with N:P ratio <9 as the N concentrations dropped below 30 g/kg of DM, and similarly
Figure 3C indicates that P may be somewhat limiting
on field groups with a N:P ratio > 11, as the herbage
P concentration drops to ~3 g/kg of DM. Figure 3D
shows that other field groups had low K concentrations
(<25 g/kg) even when the N and P appeared to be
optimal. This multi-target modeling approach shows
utility for assessing and identifying what nutrients may
be limiting herbage production across a range of field
sites with different S, E, and M conditions. It could also
be used to assess the robustness of nutrient management programs where multiple nutrient input practices
interact with varying soil and soil fertility levels both
within and between farms.
How Do S, E, and M Variables Interact Within
a Grazed Grassland Farming System to Affect
Herbage Production and Herbage Nutrient Uptake?

The above discussion provides insight into the effects
of nutrient uptake on herbage production. However,
many factors affect both soil nutrient supply and plant
uptake of nutrients beyond fertilization and general
nutrient management practices. To further elucidate
which factors may be most important in this respect,

we introduce a third research question: How do S, E,
and M variables interact within a grazed grassland
farming system to affect herbage production and herbage nutrient uptake? To answer this question, we evaluated if our models could simultaneously predict N, P,
and K uptake and herbage production using various
S, E, and M attributes collected at each field site [i.e.,
(N, P, K, herbage production) = f (S, E, M)]. The tree
shown in Figure 4 is pruned by using the F-test pruning
procedure, which selected the optimal significance level
of 0.005.
First, we examine the MTR model performance
(descriptive and predictive), shown in Table 2. The
descriptive (training) performance of the pruned tree,
averaged across the 4 targets, is r2 = 0.733 and RRMSE
= 0.516, which does not differ significantly from the
descriptive performance of the original unpruned tree.
This fact confirms that the pruning method performed
well. The predictive (testing) performance of the pruned
tree is r2 = 0.684 and RRMSE = 0.562, which is quite
good for this specific domain, considering the problem
complexity. Furthermore, if we compare the performances of the single-target tree that predicts herbage
production potential and the multi-target tree that
predicts herbage production potential plus N, P, and
K uptake, simultaneously, using the same descriptive
variables, we can see that the difference is only 1% (the
average performance of single-target trees is 1% better
than that of the MTR tree). This is an insignificant dif-

Figure 3. Relationships between (A) herbage accumulation, (B) nitrogen, (C) phosphorus, and (D) potassium concentrations and mass N:P
ratio of herbage produced within the groups of different field sites identified by the model (Figure 2).
Journal of Dairy Science Vol. 102 No. 11, 2019
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Figure 4. Multi-target regression tree learned on the complete data set. Colored nodes are related on 3 different categories: category 1 (red):
high herbage production potential; category 2 (blue): medium herbage production potential; and category 3 (green): low herbage production
potential.

ference in performance, but a strong advantage of using
MTR modeling because instead of looking separately at
4 different single-target models for N, P, and K uptake
and herbage production, we look at and use only one
tree that predicts all 4 values at the same time. Hence,
using MTR has practical advantages. As expected, the
predictive performance is improved by approximately
10%, if we use an ensemble of PCT for MTR (in our
case a random forest). We have r2 = 0.777 and RRMSE
= 0.498.
Next, we continue with an interpretation of the MTR
tree model given in Figure 4. The top descriptive attribute was the number of grazings (NoGrazings), where
sites with higher numbers of grazings had higher annual
herbage accumulation as compared with those which
were grazed less frequently over the year. Similar to
the discussion of Figure 1 previously, the NoGrazings
variable was closely linked with herbage production
and utilization, with nutrient inputs and recycling and
also with the drainage class of the soils within each
grouping of fields (Table 1). Hence, the NoGrazings
variable divides the sites into the same herbage production potential categories (high, medium, and low
annual herbage production potential). Examining the
differences between the trees produced by the singletarget and MTR tree models (Figure 1 versus Figure
4), we can see that there are differences in the nutrients
used to split the groups. For example, in Figure 1, the
attribute used to split the fields is Soil_K_Morgan, but
in Figure 4, the Soil_Mg_Morgan attribute appears. In
many parts, the discussion of the attributes used for
splitting the tree of Figure 1 are the same for Figure 4.
In the following part, we only discuss the new tests that
appear in this MTR tree, but not in the single-target
tree in Figure 1. Specifically, we interpret the tests:
Journal of Dairy Science Vol. 102 No. 11, 2019

WeatherStation = [Moorepark, Gurteen, Castledockerell], FieldArea >1.84 ha (in high herbage production
potential fields) and AirTemp >9.9 (in medium herbage production potential fields).
The weather stations Moorepark, Gurteen, and
Castledockerell have similar low rainfall and air temperatures in contrast to the other weather stations
(Johnstown, Ballycanew, and Timoleague). In Ireland,
the amount of rainfall is often a limiting factor on the
times when grazing animals can enter a field for grazing events, because when the soils are too wet severe
poaching of the soil can occur, which has negative
consequences for subsequent herbage production and
utilization. An area with low rainfall would suggest
that there are more opportunities (days available) to
graze a field, compared with an area with high rainfall
(less days available). Note that rainfall will affect the
trafficability of the soil, where poor trafficability due
to high rainfall means animals will not be able to graze
because the soil is too soft and the animals would only
damage it. Good trafficability during dry spells means
animals can graze without damaging the soil.
Next, we move to the test FieldArea >1.84 ha. This
side of the branch was not distinguishable specifically
by the field area, drainage class, or slope, but was related back to the weather station difference. This side
of the branch represents the weather stations that are
nearer the coast (Johnstown, Ballycanew, and Timoleague). Farms on the coast are generally slightly warmer
and are not as severely affected by frost, which can affect herbage production levels. Based on the evidence,
we found for the sites that belong to this branch of the
tree, we see that these farms (and associated weather
stations) have a lower number of degree days (days
below 15°C), which gives them a longer growing/graz-
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ing season. It is likely that field area and number of
grazings are linked. A high stocking rate and small field
area could result in more grazings. A high stocking rate
on a large field would take more days to graze out as
compared with a small field. With a limited amount of
time during the grazing season, a smaller field may be
grazed out more times than a larger field. For this data
set, the average field size was 1.37 ha, with field sizes
ranging from 1.74 to 0.82 ha, excluding outliers.
The next new condition in the tree given in Figure
4 is AirTemp >9.9. Air temperature may be a proxy
for weather differences per region. This proxy is also
connected to rainfall, solar radiation, and degree days.
Air temperature may indicate a longer growing/grazing
season. A longer growing season allows more time to
apply fertilizers and increase the pasture production
(i.e., more grazings and higher herbage production).
Moreover, air temperature is an indicator of growing
season length and can be connected to the number of
growing days (i.e., degree days below 15°C). A higher
number of degree days with temperatures below 15°C
(i.e., a colder growing season) versus a lower number of
degree days, which means a lower number of days below
15°C (i.e., a warmer growing season). Air temperature
and soil temperature (to 10 cm depth) are very closely
linked. Nitrogen uptake begins around 5°C and grass
growth around 6°C. An average air temperature above
9.9°C would indicate the soil conditions were suitable
for pasture production for a longer time period. This
enables fields or farms with air temperatures greater
than 9.9°C to experience a longer growing season.
Additionally, we split the CD into 3 drainage classes:
well-drained, somewhat poorly drained, and poorly
drained sites. We perform the same analysis on those
3 different data sets to see if some new insights and
knowledge can be extracted considering the tree models
learned from each data set. Although the distinguishing
based on drainage class is made by the number of grazings on the CD, we tried to find additional information
in the models for each drainage class. For example,
considering the low herbage production potential fields
(green subtree) in the tree (Figure 4), we can see that
for this subtree, there are no other splitting attributes
but NoGrazing and LandUseCropping that we already
discussed before. Following the fact that most of the
examples belonging to this subtree are poorly drained,
the idea of considering the tree obtained on the PD is
justified.
If we look in the tree obtained from the PD (see
Figure 5), we can see that there is additional important
information that complements the green subtree given
in Figure 4. Namely, if NoGrazings > 2 or ≤2, the next
attribute used is N_recycled_per_field, which indicates
the fact that the reason of higher or lower annual herb-

Figure 5. Multi-target regression tree learned on the poorly
drained data.

age accumulation is the amount of nutrients recycled
(dung and urine) by the cows at grazing.
The predictive performance of the tree built on the
PD is the highest (r2 = 0.761 and RRMSE = 0.489).
The ensembles, again, as expected, improve the predictive performance (r2 = 0.830 and RRMSE = 0.438).
The predictive and descriptive performances for all 3
scenarios (well-drained, somewhat poorly drained, and
poorly drained) are given in Appendix Tables A2, A3,
and A4, respectively.
Summary and Discussion

The technical results show that performance of a
MTR tree is not significantly different from that of the
4 single-target models. The predictive performance of
r2 = 0.684 shows that we have a quite good predictive model, despite the complexity of the task at hand.
Practically, the MTR tree is more efficient, since we
have to interpret only one tree instead of looking at 4
different trees, one for each response variable. As we
discussed, a MTR tree can be easily interpreted by a
domain expert (e.g., agronomist). As expected, we get
improved predictive performance if we use ensembles of
PCT (random forest of PCT) in all scenarios in both
single- and MTR tasks, but we lose interpretability.
Using this modeling approach, we found that the N,
P, and K uptake is not always proportional relative
to herbage accumulation levels. We could explore this
variability by interpreting the learned models to better understand which nutrient may be limiting herbage
production. Variability in herbage nutrient concentrations across dairy farms could lead to significant variability in nutrient use efficiency for a given level of
production. Across these dairy grassland fields used
for dairy production, we found the strength of limitation to herbage production based on nutrient uptake
to follow this order P > N > K. This finding indicates
that grassland swards are undersupplied with P from
Journal of Dairy Science Vol. 102 No. 11, 2019
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either soil reserves or fertilizer P input to maximize
herbage production potential. Uptake of N and K is less
limiting; however, given the P limitations, their uptake
would be less efficiently used by the grassland.
In this study, we identified several important S, E,
and M variables driving grass production in Ireland.
Out of these factors, the number of grazing events was
the most significant factor related to annual herbage
accumulation. Across the large number of fields used in
this study, the number of grazing events was also linked
with soil drainage class, which indicates that soil type
moderates/controls herbage production potential and
also herbage utilization under grazing management.
On high herbage production potential grassland, the
regional weather has the biggest effect, whereas on medium and low herbage production potential grassland,
the factors grassland land use (grazing vs. silage) and
fertilizer P input have the largest effects.
Overall, the MTR tree provided the most useful information in terms of explaining herbage production
potential and nutrient uptake across these grassland
sites. Although this modeling approach could be used
to identify herbage production potential with high accuracy, it can also inform the most influential dynamic
factors that could be managed to increase herbage
production in the future. These models could be also
used as a basis for integrated soil fertility management,
where other factors, such as soil type and environment
factors, constrain optimum N, P, and K recommendations.
CONCLUSIONS

Our research study combined machine learning (i.e.,
data-driven modeling techniques) with practices and
knowledge based on various soil, environmental, and
management indicators, which describe interactions
between nutrient uptake and herbage production. This
approach has several technical advantages and implication for future nutrient management and advice for
farmers to increase herbage production on dairy farms.
The implications of this work for Irish grass-based
dairy farms are as follows: (1) the models we have
learned from data can be used to identify fields with
poorer herbage production performance and to direct
on-site investigation to ascertain the problem or the
constraints. (2) This data-driven modeling approach
suggests that (1) guiding a more balanced approach to
fertilizer inputs, including P and also K, is required, in
addition to high quantities of N fertilizer input; (2) to
improve environmental sustainability, explicit geo and
climatic recommendations for fertilization are required;
and (3) to monitor and assess grassland productivity,
only a few variables are required, including soil drainJournal of Dairy Science Vol. 102 No. 11, 2019

age class (grazing events), grassland management, soil
nutrient status, production intensity, as well as region
and local weather. Further work could be conducted
to evaluate other farm production and environmental
sustainability targets, as well as trade-offs and synergies between the underlying factors by using different
modeling approaches for solving the MTR task.
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APPENDIX
Table A1. Descriptions of the soil (S), environment/weather (E), and management (M) factors (variables) and response variables (annual
herbage accumulation and nutrient herbage uptake – N, P, and K uptake)
Model category

Data type/category

Data heading

Data description

Metadata
M

Identification
Field details

Field code
Land use-cropping
Field area (ha)
Total no. of cows
Average stocking rate (LU/ha)

Individual fields (paddocks), experimental units
2 types (grazing only and grazing + 1 cut of silage)
Area of the experimental unit
Total number within the herd on each farm
Average live units per milking platform (1 mature cow/
ha = 1 LU/ha)
Milk produced/ha for each field
N in milk removed/ha for each field
P in milk removed/ha for each field
K in milk removed/ha for each field
Meat produced/ha for each field
N in meat removed/ha for each field
P in meat removed/ha for each field
K in meat removed/ha for each field
Name of the weather station

M

Production level

M

Milk offtakes

M

Meat offtakes

E

Weather (annual)

S

Soil characteristics

M

Pasture management

M

Lime management

M

Nutrient management

Milk offtake (L/ha)
Milk N offtake (kg/ha)
Milk P offtake (kg/ha)
Milk K offtake (kg/ha)
Meat offtake (kg/ha)
Meat N offtake (kg/ha)
Meat P offtake (kg/ha)
Meat K offtake (kg/ha)
Weather station
Rainfall (mm)
Radiation (J/cm2)
Air temperature (°C)
Degree days below 15°C
SIS1 class
Drainage class
Slope Y/N
Slope class
Soil pH
Soil LR (t/ha)
Soil P_Morgan (mg/L)
Soil K_Morgan (mg/L)
Soil Mg_Morgan (mg/L)
PRGrass class
W. clover class
No. of harvests
No. of grazings
Lime type
Lime (kg/ha)
Org N input (kg/ha)
Org P input (kg/ha)
Org K input (kg/ha)
Chem. N input (kg/ha)
Chem. P input (kg/ha)
Chem. K input (kg/ha)
Conc. N input (kg/ha)
Conc. P input (kg/ha)
Total Fert N input (kg/ha)
Total Fert P input (kg/ha)
Total Fert K input (kg/ha)

M

Nutrients recycled

Average N recycled (kg of Org N/ha)
Average P recycled (kg of Org N/ha)
N recycled/field (kg of Org N/ha)
P recycled/field (kg of Org N/ha)

Response

Herbage uptake

Response

Herbage production

Total
Total
Total
Total

1

SIS (2017).
2
Org = organic.
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herbage
herbage
herbage
herbage

N uptake (kg/ha)
P uptake (kg/ha)
K uptake (kg/ha)
accumulation (kg/ha)

Cumulative degrees below a base temperature of 15°C
(linked with reduced grass growth)
Soil classification
4 classes
Yes or no
3 classes
Measured soil pH (acidity) in top 10 cm of soil
Calculated lime required to neutralize soil acidity and
correct pH to target of 6.3
Measured soil P concentration in top 10 cm of soil
Measured soil K concentration in top 10 cm of soil
Measured soil Mg concentration in top 10 cm of soil
Perennial ryegrass (Lolium perenne) class
White clover class
No. of silage harvesting events per year
No. of grazing events by cows per year
Type of lime (2 types: granulated and ground limestone)
Lime input level
N input level in the form of organic manure
P input level in the form of organic manure
K input level in the form of organic manure
N input level in the form of chemical fertilizer
P input level in the form of chemical fertilizer
K input level in the form of chemical fertilizer
N input level in the form of concentrated feed
P input level in the form of concentrated feed
Total N input level in the form of fertilizer (organic +
chemical)
Total P input level in the form of fertilizer (organic +
chemical)
Total N input level in the form of fertilizer (organic +
chemical)
Average N recycled by grazing animals (N excretion rate
per cows) over the milking platform
Average P recycled by grazing animals (P excretion rate
per cows) over the milking platform
N recycled by grazing animals (N excretion rate per
cows) per field
P recycled by grazing animals (N excretion rate per
cows) per field
Total N uptake by herbage (grazed grass and silage)
Total P uptake by herbage (grazed grass and silage)
Total K uptake by herbage (grazed grass and silage)
Total annual herbage biomass production

0.05

0.005
0.05
0.05
0.05

0.673
0.630
0.628
0.620
0.638

0.680
0.664
0.667
0.673
0.671

r2

0.572
0.608
0.610
0.616
0.602

0.566
0.579
0.577
0.572
0.574

RRMSE

Unpruned tree

0.659
0.623
0.624
0.604
0.627

0.674
0.657
0.667
0.666
0.666

r2

0.584
0.614
0.613
0.630
0.610

0.571
0.586
0.577
0.578
0.578

RRMSE

Pruned tree

0.589
0.550
0.564
0.514
0.554

0.601
0.553
0.565
0.575
0.574

r2

0.642
0.673
0.662
0.700
0.669

0.634
0.671
0.662
0.654
0.655

RRMSE

Unpruned tree

0.579
0.540
0.559
0.505
0.546

0.600
0.546
0.550
0.571
0.567

r2

0.650
0.680
0.665
0.707
0.676

0.634
0.677
0.673
0.657
0.661

RRMSE

Pruned tree

Testing performance

0.764
0.730
0.725
0.714
0.733

0.763
0.734
0.729
0.715
0.735

1

0.005

0.005
0.1
1
0.01

0.801
0.780
0.776
0.755
0.778

0.838
0.838
0.825
0.811
0.828

r2

0.446
0.469
0.474
0.495
0.471

0.403
0.402
0.419
0.435
0.415

RRMSE

Unpruned tree

RRMSE = relative root mean square error; r2 = Pearson correlation coefficient.

Single-target regression
Total_pasture_yield (herbage production)
Total_herbage_N_uptake (N)
Total_herbage_P_uptake (P)
Total_herbage_K_uptake (K)
Average (herbage production, N, P, K)
Multi-target regression
Herbage production + N + P + K
Herbage production
N
P
K
Average (herbage production, N, P, K)

Response variable

Optimal F-test
significance level

0.769
0.760
0.752
0.737
0.754

0.775
0.791
0.752
0.737
0.764

r2

0.481
0.490
0.498
0.513
0.495

0.474
0.457
0.498
0.513
0.486

RRMSE

Pruned tree

Training performance

0.638
0.645
0.632
0.611
0.631

0.613
0.679
0.588
0.592
0.618

r2

0.606
0.599
0.611
0.628
0.611

0.628
0.569
0.647
0.644
0.622

RRMSE

Unpruned tree

0.639
0.650
0.631
0.618
0.634

0.554
0.666
0.565
0.601
0.597

r2

0.605
0.594
0.611
0.622
0.608

0.674
0.579
0.666
0.635
0.639

RRMSE

Pruned tree

Testing performance

Regression trees (PCT) built with F-test pruning

r2

0.730
0.703
0.716
0.713
0.715

0.720
0.722
0.708
0.724
0.718

r2

0.552
0.575
0.559
0.567
0.563

0.557
0.561
0.567
0.557
0.561

RRMSE

Forest with 100 trees

Testing performance

Random forest of PCT

0.555
0.566
0.570
0.531
0.556

0.528
0.552
0.562
0.569
0.552

RRMSE

Forest with 100 trees

Testing performance

Random forest of PCT

Table A3. Performance results for the somewhat poorly drained data set achieved by predictive clustering tree (PCT) for single- and multi-target regression1

RRMSE = relative root mean square error; r2 = Pearson correlation coefficient.

1

Single-target regression
Total_pasture_yield (herbage production)
Total_herbage_N_uptake (N)
Total_herbage_P_uptake (P)
Total_herbage_K_uptake (K)
Average (herbage production, N, P, K)
Multi-target regression
Herbage production + N + P + K
  Herbage production
  N
  P
  K
Average (herbage production, N, P, K)

Response variable

Optimal F-test
significance level

Training performance

Regression trees (PCT) built with F-test pruning

Table A2. Performance results for the well-drained data set achieved by predictive clustering tree (PCT) for single- and multi-target regression1
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0.001

0.125
0.001
0.05
0.1

0.899
0.875
0.862
0.812
0.862

0.930
0.902
0.893
0.874
0.900

r2

0.319
0.354
0.372
0.433
0.369

0.265
0.313
0.327
0.355
0.315

RRMSE

Unpruned tree

RRMSE = relative root mean square error; r2 = Pearson correlation coefficient.

1

Single-target regression
Total_pasture_yield (herbage production)
Total_herbage_N_uptake (N)
Total_herbage_P_uptake (P)
Total_herbage_K_uptake (K)
Average (herbage production, N, P, K)
Multi-target regression
Herbage production + N + P + K
  Herbage production
  N
  P
  K
Average (herbage production, N, P, K)

Response variable

Optimal F-test
significance level

0.899
0.875
0.862
0.812
0.862

0.908
0.902
0.862
0.839
0.878

r2

0.319
0.354
0.372
0.433
0.369

0.304
0.313
0.372
0.401
0.348

RRMSE

Pruned tree

Training performance

0.803
0.788
0.745
0.716
0.763

0.804
0.899
0.733
0.751
0.797

r2

0.445
0.462
0.507
0.535
0.487

0.450
0.319
0.523
0.502
0.448

RRMSE

Unpruned tree

0.806
0.787
0.745
0.705
0.761

0.805
0.892
0.754
0.752
0.801

r2

0.441
0.463
0.507
0.545
0.489

0.449
0.329
0.498
0.499
0.444

RRMSE

Pruned tree

Testing performance

Regression trees (PCT) built with F-test pruning

Table A4. Performance results for the poorly drained data set achieved by predictive clustering trees (PCT) for single- and multi-target regression1

0.862
0.882
0.818
0.756
0.830

0.859
0.884
0.811
0.746
0.825

r2

0.403
0.378
0.454
0.515
0.438

0.405
0.366
0.464
0.531
0.441

RRMSE

Forest with 100 trees

Testing performance

Random forest of PCT
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