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Abstract
Farmer-oriented crop research plays a crucial role in the evidence-based transition towards
diversified agroecosystems. However, prevailing crop research mainly focuses on
experiments with sole crop systems and tend to small experimental plots. Thus, new crop
research methodologies must be developed for assessing agroecosystem services in
diversified, farm-scale crop experiments that are able to account for spatial and temporal
heterogeneity. This study aims to compare three experimental designs differing in their
replications in time and space: The Randomized Complete Block Design (RCBD), the
Incomplete Block Design (IBD) and the Time Rotation design (TR). These designs are tested
in their ability to detect differences between treatments at varying levels of spatial and
temporal heterogeneity and samples sizes. The in silico experiment was set up as a 6-year
strip crop trial at two locations, with three crop pairs each receiving three treatments and a
monoculture reference field. To compare the designs, we estimated potato yields for the
experimental designs and conducted a power analysis. Here we show that the IBD
demonstrated the lowest effect size at power 0.8 (~6.5 t/h), closely followed by the RCBD (~7
t/ha), while TR is lagging far behind. The designs were most sensitive to year-treatment
interaction effects, while the effect of purely spatial heterogeneity was lower (~2t/ha) and
differed only marginal between the designs (0.5t/ha at power 0.8). There is no change in power
when taking equal or more than 4 and 2 samples in the monoculture and strip plots,
respectively. The main cause for differences between the experimental designs was the
number of replicates – either in time or space. With a high number of replicates and outsourced
monoculture fields to farm fields, IBD showed promising characteristics as an experimental
design in diversified cropping research. The choice of an experimental design, however, is
further complemented with practical considerations on labor, land use, variables of interest,
among others. Further research should be focusing on other agroecosystem services. We
anticipate our study to practically inform the choice of experimental designs in diversified,
farm-scale crop research to ultimately foster diversification of farming systems.
Keywords: Diversified cropping systems, experimental design, sample size, spatial
heterogeneity, temporal heterogeneity, statistical simulation, statistical power, yield, potato

1

Introduction
The development of European agriculture in the 20th century is characterised by productivity
increases associated with a decline in the number of mixed farming systems, simplified crop
rotations, enlarged field sizes, mechanisation and substantial use of fertilizers and pesticides
(Stoate et al., 2001). This type of agriculture has led to environmental degradation and loss of
biodiversity among others (IPES-Food, 2018; MEA, 2005; Newbold et al., 2016).
Environmental issues related to intensive agriculture include deforestation, eutrophication,
acidification, depletion of natural resources, greenhouse gas emissions and soil degradation
(Bajželj et al., 2014; Homer-Dixon et al., 2015; Rockström et al., 2009; Stoate et al., 2001;
Tilman, 1999; Wiebe et al., 2015), making our food production system one of the most
important drivers of environmental change (Herrero et al., 2016; Ripple et al., 2017;
Springmann et al., 2018; Willett et al., 2019). To provide food security, new pathways for
sustainable food production must be found (Godfray et al., 2010; Malézieux, 2012; Pretty et
al., 2018). The negative externalities of the current agricultural system requires a paradigm
shift from industrialized to healthy and sustainable food systems (Foley et al., 2011).
One of the proposed strategies for sustainable agriculture is the concept of ecological
intensification. Sustainable intensification basically refers to maintaining or increasing yields
per unit of land while lowering negative, external effects on the environment (Garnett et al.,
2013), while the concept of ecological intensification is a much broader term for which no “one
size fits all” model exists. The different models, however, (including e.g. organic agriculture,
agroecology and diversified farming systems) share some common perceptions: ecosystem
services that are naturally present should be regulated, rather than controlled, in order to
enhance production (Tittonell, 2014). A proposed strategy for ecological intensification is
through crop diversification. This can be achieved across the dimensions of genetic (multiple
varieties), temporal (crop rotation, consecutive cultivation of crops) and spatial (mixed, row or
strip intercropping) diversity (Kremen, Iles, & Bacon, 2012). Diversified cropping systems such
as intercropping, mixed cropping, etc. (Federer, 1993; Ruthenberg, 1971; Willey, 1990) are
widely acknowledged to hold benefits on productivity, profitability (Beillouin, Ben-Ari, &
Makowski, 2019; Pretty et al., 2018; Tilman et al., 2001), pest and disease control (Bianchi,
Booij, & Tscharntke, 2006; Martin et al., 2019; Sirami et al., 2019), soil fertility and biodiversity
(Fahrig et al., 2015; Hainzelin, 2013). Additionally, diversified cropping systems might partially
or completely substitute the use of fertilizers, pesticides, irrigation and imported pollinators
(Isbell et al., 2017; Martin et al., 2019). The positive relation between ecosystem services and
crop diversification implies that in diversified cropping systems, diversity is inherently
considered an asset, not a burden.
Diversified cropping systems are not yet widely adopted in European agriculture and further
research on the effects of diversification on agroecosystem services is needed. Traditionally,
crop research mainly focused on examining the ecology of sole crop species in relation to their
environment (Tittonell, 2014). Consequently, methods that were used for the quantification of
agroecosystem services in cropping experiments have generally been developed for the use
in systems with low diversity and high external control. Biological systems such as ecological
intensive agroecosystems, however, are characterized by a high degree of natural variation,
both in time and space. This is even more so for diversified cropping systems, since there,
diversity is an inherent system objective (Martin et al., 2019; Sirami et al., 2019). Thus, to
separate treatment effects from temporal and spatial variances, it is of utter importance to
correctly apply the basic principles of replications, control, randomizations, independence and
the reduction of unexplained variance by accounting for the different sources of variation
(Quinn & Keough, 2002). When looking at diversified crop research, it is therefore important
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to emerge the differences between researching traditional sole and diversified cropping
systems.
One major difference between sole and multiple crop research is the increased number of
experimental units in diversified cropping systems (e.g. strip cropping), resulting from the use
of crop pairs instead of sole crops. When comparing monocultures versus strips, each crop in
a crop pair needs at least one monoculture reference field; A challenge in multiple cropping
research is thus the increased land use due to the high number of crop pairs and resulting
treatment number. Furthermore, both the size of the strip and monoculture plots are crucial as
they determine the specific outcome and the total land use of a crop experiment. As the aim
of diversified cropping system research is to examine ecosystem services coming from
different levels of spatial and temporal diversity, the plot size matters inherently and thus
influences the experimental results considerably (Martin et al., 2019; Sirami et al., 2019). The
right definition and choice of strip size monoculture is thus of great importance to the
experimental outcome, especially when examining variables with a spatial component, such
as bird abundance and insect movement in agroecosystems (Martin et al., 2019). With regards
to the applicability of experimental results, we argue that experiments should reflect farm-scale
dimensions (machinery width, etc.) for the results to become more relevant for farmers and
thus to favour farmer’s adoption of diversified cropping systems. As this seems applicable for
strip plots (3m working width derived from farm machineries) it becomes increasingly difficult
when representing monocultures in an experimental design. Maximized plot size should thus
be the objective, in order to grasp the actual effect of a monoculture at farm- and ultimately at
landscape level. Another aspect of researching diversified, farm-scale experiments is that
differences in spatial heterogeneity have a much bigger effect on experimental outcomes
compared to conventional small-scale experimental plots. As the within-plot variance gets
bigger with increasing plot size, it becomes increasingly important to choose an experimental
design that manages to account for spatial heterogeneity. Deriving from the previous, there is
a knowledge gap in the understanding about how different experimental design respond to
spatial and temporal heterogeneity under the condition of farm-scale, diversified cropping
systems over a multiple year period.
To bridge this gap, we choose three experimental designs that we want to test and compare
on their ability to account for spatial and temporal heterogeneity. In this regard, we compare
the Randomized Complete Block Design (RCBD), the Incomplete Block Design (IBD) and the
Time Rotation Design (TR) with each other. The RCBD represents all treatments in one
complete block to control for inherent field differences. In diversified cropping systems
research, the RCBD, however, has the disadvantage of having the highest demand for
experimental land due to the monocultures being included in the blocks. In contrast, the IBD
can be designed more flexible and thus space efficient as it consists of incomplete blocks, not
representing all treatments per block. The IBD can be designed with the monoculture plots
placed outside the experimental site. The TR is the most efficient design from a managerial
point of view as only one crop pair is cultivated per year. However, it falls short when looking
at the number of replicates over years. Each design comes with its own sampling scheme to
collect data in time and space. Yield observations for potato have been simulated; Potato was
chosen as it is one of the major cash crops in the Dutch agriculture (CBS, 2020).
To assess the experimental designs in their ability to detect spatial and temporal variability we
choose to apply power analysis as a quantitative tool of comparison between the designs. A
well-designed experiment should allow its researchers to draw solid conclusions from
collected data. In other words: if differences between treatments exist, we should be able to
detect these differences at a predefined significance level. In statistics, this is called the power
of a test: the probability that the null hypothesis of no treatment difference is rejected, when
3

there is indeed a difference. Failure in this regard results in a type-II error. Generally, a power
of 0.8, also referred to as “Cohen’s power”, is used as a convention for minimal requirement
in research (Cohen, 1992). Experimental power is influenced by the random realization in the
data, meaning that spatial and temporal heterogeneity are important factors. For example;
when a large variance between blocks or residual variance exists, it becomes difficult to detect
(modest) differences between treatments. Other factors that are associated with statistical
power are the minimum expected or relevant treatment effect size one wishes to detect and
the sample size. The conduct of power analysis is of great importance in order to control
statistical power by establishing the appropriate sample size at any effect size (Cohen, 1988,
1992; Turner & Houle, 2018). Power analysis can therefore be applied to compare and decide
for the most suitable experimental layout.
The objective of this study is, to use power analysis to assess three experimental designs in
their ability to detect treatment effects when considering the fact that diverse cropping systems
naturally hold a larger spatial heterogeneity. More specifically we aim to compare the
simulated power of three experimental designs (RCBD, IBD and TR) at different levels of
spatial and temporal heterogeneity as well as examining the effect of different numbers sample
size in a six-year strip crop experiment. It is hypothesized that the traditional and most
prominent design in sole crop research, the RCBD, does not, as is conventionally expected,
outperform the other designs when looking at diversified cropping experiments.
This study follows an in silco simulation approach, where soil organic matter (SOM) maps are
used to create spatial heterogeneity in potato yields. For each experimental layout, spatial and
temporal variance components are extracted, and the power calculation is performed for
different levels of spatial and temporal variance as well as for different number of sample sizes
in order to compare the designs quantitatively based on the effect size (t/ha) at power of 0.8.
To evaluate the designs more practically, qualitative aspects such as differences in labor, land
use and costs, etc. shall be discussed in order to conclude which experimental design is most
suitable to examine farm-scale, diversified cropping experiments.
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Methods
Experimental designs
The three experimental designs (RCBD, IBD and TR) used in this study had to comply with
the following prerequisites in order to simulate a long-term strip cropping experiment:
•
•

•
•

•

Number of years: Six years of experimentation
Locations: Two locations, derived from actual Dutch strip crop experiments in
Droevendaal [51°59’33.06”N,5°39’43.56”E] (Location A) and Broekemahoeve
[52°32’23.70”N, 5°33’44.92”E]. (Location B). Further referred to as “observed”.
Crops: Three distinct crop pairs were grown at each location: Cabbage-Wheat, LeekGrass, Potato-Grass; Potato was taken as the case study in this study
Treatments: 4 treatments representing different levels of spatial diversity:
Monoculture reference (Mono), strip with one variety (Strip a), strip with multiple
varieties (Strip b) and strips with legumes (Strip c)
Experimental land available: fixed to 216 x 288 m per location

Since the objective of the field experiment was to compare the differences between
treatments of the same crop pair (i.e. strip vs mono) rather than studying the interactions
between crop pairs, the treatments of each crop pair were placed next to each other, rather
than having completely randomized the location of each treatment and crop pair. An
important requirement of the experiment included the quantification of differences in
agroecosystem services with a spatial component, such as disease and pest suppression.
It was therefore important that each treatment received a sufficiently large plot to limit
interactions between treatments. Under these restrictions, a minimum size for each strip
cropping treatment was six strips with a length of at least 50 m. The monocultures required
a minimum plot size of 50 x 60 m. In our simulation experiment, the dimensions were
adjusted to a plot size of 72 x 72 m with a strip width of 3 m for strip plots (Fig 1 and A-B)

Figure 1. Dimensions (in meter) of different spatial units of the experimental designs.
Representation of strip treatments a-c (6 strips per treat.) and the monoculture reference plot.
The three designs (RCBD, IBD and TR) all adhere to the experimental requirements but
differed in the number of replications in time and space (Fig 2). Within the available
experimental field, the RCBD included only one repetition (block), while a relatively large part
of the space was used for the monocultures. The IBD included three repetitions of the strip
cropping treatments on the experimental field. Since not all treatments needed to be located
in the same block, the monocultures could be located at other farm fields, together with one
repetition of the regular strips; This was crucial for the IBD as it saved space for the strip
treatments at the experimental site. The regular strips were grown in blocks with other strip
cropping treatments as well as in blocks with the outsourced monocultures. This implied that
through the regular strips, the IBD became connected allowing for a comparison between all
three strip cropping treatments and the monoculture, even though the monocultures were not
located in the same farm fields as the strips. Lastly, the TR included three repetitions of one
crop pair and its monocultures per year. Since the crop pairs were rotated over time, each pair
was only grown two out of six years.
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Figure 2. Layout of three experimental designs Randomized complete block design (RCBD),
Incomplete Block design (IBD) and Time Rotation (TR) at two locations. (A-B) RCBD at two
locations; (C-D) IBD at experimental site with strips at two locations; (E-F) External fields of the IBD
with monoculture and reference strips in two locations; (G-H) TR at two locations; Four different
treatments are indicated by symbols. Simplified color code indicated the allocation of sole crops and
crop pairs up to the plot level. The number of strips is simplified and does not represent the actual strip
number (Fig 1) as lower experimental levels (row and line) are not considered in this study.
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Simulating spatial heterogeneity
Potato yields are partly related to soil organic matter (SOM) content, which is variable in space
and time. To simulate variability of potato yields, SOM maps were generated for different levels
of spatial heterogeneity. We used spatial explicit SOM measurements from two experimental
locations to parameterize the model that underlies the generation of the SOM maps. To create
SOM maps with different spatial heterogeneity levels, we followed the following two steps:
First, for two locations a semivariogram was fitted using the observed parameters (range and
beta) for each location while altering the partial sill (as a proxy for spatial variance) to simulate
8 different levels of spatial heterogeneity (Fig 3, A-B) (Chang, 2018; Cressie, 1988; Hiemstra,
Pebesma, Twenh, & Heuvelink, 2008; Pebesma, 2004). Second, through using ordinary
kriging, spatial SOM maps were generated based on the fitted semivariogram (from step 2)
for different levels of spatial heterogeneity and two locations.

Figure 3. Representation of the semivariogram according to Chang (2018). (A) Fitted
semivariogram with a mathematical model (solid line). (B) Visualization of the semivariogram
and indication of its parameters (Chang, 2018).
A semivariogram can be dissected into three main elements: nugget, range, and sill (Fig 3,
B). The ‘nugget’ is the variance not explained by the fitted model while the ‘range’ describes
the distance where the semivariance levels off. The ‘beta’ represented the mean of all
observed values which in our case referred to the mean SOM per field. The ‘partial sill’ (sillnugget), which was of most interest for this study, indicated the semivariance that the fitted
model explained; Practically, that implied the variability of SOM values in the simulated SOM
fields. The ordinary kriging resulted in SOM maps with 8 different levels of spatial
heterogeneity. The ‘partial sill’ was set at the levels of 0; Derived from location B: 0.03;
Location A: 0.15, 0.4; 0.6; 1; 2; 4; 8) while keeping all the other variogram parameters constant
(‘range’ for location A: 70m; Location B: 31.5 m and ‘beta’ for location A: 3.74 and location B:
4.05)). The predicted pixel resolution was set to 3x3 m, each containing a single prediction
value for SOM. The ordinary kriging was performed a 1000 times per design and level of
spatial heterogeneity. The SOM maps were exported as raster files, each containing 1000
layers of simulated maps per location and level of spatial heterogeneity.

Extraction of variance components
In each of the designs from Fig 2 the terms plot, block and field related to a spatial, hierarchical
level. This resulted in so-called nested designs: a plot was part of a specific block, which is a
part of a specific field at a specific location. Due to the differences in spatial layout, each design
had its own nesting. When analyzing data obtained from one of these designs, the effects
rising from a difference between treatments should be separated from the effects caused by
the spatial variance between and within plots, blocks, fields and locations. Since making
7

comparisons between treatments is the objective of the experiment, treatments were
considered as fixed factors. There is however no interest in directly comparing differences
between plots, blocks et cetera, as long as it is possible to account for the variance they
caused. Therefore, the hierarchical levels of the design could be analyzed as random effects,
making it possible to extract variance predictions for each random component (Gurka, Kelley,
& Edwards, 2012)
The extraction of variance components started by overlaying the experimental design with the
generated maps obtained in the kriging procedure. For each of the 1000 simulations, the
designs were placed on different maps and the pixels falling within the plots, were extracted.
As the simulations in this study related to variability in potato yield, a shift in scale from SOM
to potato yield was required. We used observed potato yield data from previous experiments
at both locations to calculate 𝑓𝑎𝑐𝑡𝑜𝑟 𝑡 = 𝑚𝑒𝑎𝑛 𝑦𝑖𝑒𝑙𝑑 / 𝑚𝑒𝑎𝑛 𝑘𝑟𝑖𝑔𝑖𝑛𝑔 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 for each
location separately. The kriging predictions were then linearly transformed by multiplying with
factor t, thus creating a spatial distribution of yield that is caused by the heterogeneity of the
soil.
We estimated the variance components by fitting a model predicting the yield values based
on the random nested effects associated with each design (Tab 1). At this stage, fixed
treatment effects have not been included in the statistical model, since the heterogeneity of
the soil is not the result of an applied treatment.
Table 1. Models for estimation of variance components. Random effects model was used to
extract the variance components of the spatial components for the randomized complete block
design (RCBD), incomplete block design (IBD) and the time rotation (TR). The syntax of the models
corresponds with the R programming language (R, 2019).
Design
RCBD
IBD
TimeRot

Models
Potato yield = (1|location/plot)
Potato yield = (1|location/field/block/plot)
Potato yield = (1|location/block/plot)

Random effects of a temporal origin have also been considered: yield predictions should
include a random year effect as well as a random term for the interaction between year and
treatment. Since this experiment had not yet resulted in any actual data, the year and yeartreatment interaction effects were estimated from the observed data from actual strip crop
experiments in the Netherlands that was used to linearly transform the kriging predictions. In
addition, we also used the yield data of Dutch ware potato averaged over the last 26 years
(1994-2018) as a temporal variance baseline for our yield estimation (CBS, 2020).

Simulation of yield data
Depending on the design, the potato yield data was partly or fully simulated as the sum of the
following components: the treatment mean (mono and strip), a year effect, a year:treatment
interaction, a block effect, a field effect and a plot effect (Tab 2 and Fig 2). The treatment effect
sizes were defined to range from 0 to 10 t/ha, going up in steps of 0.5 t/ha. A year effect was
added by drawing from a normal distribution with mean 0 and a standard deviation (sd) of 0,
~3.2 or 14.8, depending on the level of year effect). Similarly, this was done for the
year:treatment interaction (mean = 0; sd = 0, 3.8, 10), while the estimated variance
components were used for the simulation of spatial components such as location, field, block,
and plot effects. By altering the sd of spatial and temporal components, we were thus able to
simulate different levels of variation in potato yields in relation to spatial and temporal
heterogeneity. The sd for year (14.8) and interaction effect (3.8) were derived from actual
Dutch strip crop experiments in Droevendaal and Broekemhoeve. The year effect of 3.2
computed from the Dutch average potato yields during 26 years (CBS, 2020).
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The yield observations were predicted for treatment effect sizes ranging from 0 to 10 t/ha,
going up with steps of 0.5 t/ha. At each treatment effect size, the simulation was repeated
1000 times. Using ANOVA and pairwise comparisons, the null hypothesis of no effect size
between two treatments was assessed for each repetition. The power, meaning the fraction
of times that the null hypothesis is rightfully rejected, was expressed as final output of the
simulations. Pairwise comparisons were made between the mono and the strip C treatment
using the LSD approach. We ran the simulation for three different levels of year and
year:treatment variability, for 5 different levels of sample size and for 8 different levels of
spatial heterogeneity.
In statistical analysis, a linear mixed effect model was then used to explain a set of
observations by estimating the fixed and random effects (Kuznetsova, Brockhoff, &
Christensen, 2017). This statistical model was applied in an inverse manner: using the
variance components that are estimated in section “Extraction of variance components”, for
each observation in the datasheet from which a prediction for a yield observation could be
made. The yield prediction was thus the result of the models shown in Tab 2.
Table 2. Models for yield prediction. A prediction of potato yield was the result of a mixed model with a
fixed effect between treatments and random temporal and spatial effects. The designs are a randomized
complete block design (RCBD), an incomplete block design (IBD) and a rotation over time (TR). The
syntax of the models corresponds with the R programming language (R, 2019).
Design
RCBD
IBD
TR

Models
Potato yield = mean + treatment effect + (1|location/plot) + residual variance
Potato yield = mean + treatment effect + (1|location/field/block/plot) + residual variance
Potato yield = mean + treatment effect + (1|location/block/plot) + residual variance

Simulating different numbers of sample sizes
To compare the experimental designs in their response to different numbers of sample sizes,
we estimated the yields by altering the samples size on five different levels: 1_1, 4_2, 10_5,
16_8 and 20_10. The numbers of samples taken in the monoculture (First number ‚x_‘) plot,
was double the amount of samples taken in the strip plot (second number, ‚_x). The different
numbers of strip plots and monoculture references over 6 year of trials led consequently to
different numbers of samples taken for monoculture and strip plots per level of sample size
(Tab 3).
Table 3. Comparing three designs in their number of potato yield samples taken in the
monoculture and in one of the strip treatments (e.g. strip c) during a period of 6 years.
Sample
size
levels a
1_1
4_2
10_5
16_8
20_10
a

IBD

RCBD

TR

mono

strip

total

mono

strip

total

mono

strip

total

6
24
60
96
120

36
72
180
288
360

42
96
240
384
480

6
24
60
96
120

12
24
60
96
120

18
48
120
192
240

1
4
10
16
20

3
6
15
24
30

4
10
25
40
50

Number of samples taken per single monoculture (first number, “X_”) and strip (second number, “_X”) plot per year.

The data analysis was entirely done in R (R, 2019); The most important packages used were
automap (Hiemstra et al., 2008), gstat (Pebesma, 2004), sp (Bivand, 2005), rasterVIS (Perpi
& Hijmans, 2019) , lmerTest (Kuznetsova et al., 2017) and ggplot2 (Wickham, 2016)
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Results
Spatial maps
The fitted semivariogram provided an observed ‘range’ (referred to as the autocorrelation) for
Location A (Droevendaal) of 70 m and for Location B (Broekemahoeve) of 31.5 m. The
observed ‘beta’ (referred to as the SOM mean) for Location A and Location B amounted to 3.7
and 4.0 SOM (%), respectively (Fig 4, A-B). The different levels of partial sill led to very
different maxima and minima, while the mean stayed constant as defined by the ‘beta’. At a
‘partial sill’ of 0 (low spatial heterogeneity), the variance around the mean was around 0 with
maximum and minimum of 4.05 and 4.04, respectively. Whereas at a partial sill level of 8 (very
high spatial heterogeneity) the variance increased a multiple thereof (5.49) and min and max
differed strongly by ~18% of SOM (Fig 4, C-D).

Figure 4. Simulated SOM maps at four different levels of spatial heterogeneity overlaid
with the experimental design layouts. (A) Spatial heterogeneity based on observed SOM
from Location A (values derived from Droevendaal trial) with overlaid RCBD layout; (B) Spatial
heterogeneity based on observed SOM from Location B (values derived from Broekemahoeve
trial) with overlaid IBD strip plot layout; (C) Low spatial heterogeneity (partial sill of 0) with
overlaid IBD monoculture fields with reference strips; (D) High spatial heterogeneity (partial
sill of 0.6) with overlaid TR layout. The symbols (square, triangle, circle) indicate three different
strip treatments. The color scale is not comparable between the sub figures A-D.

Variance components
As we estimated the variance components, it was found that temporal variance exceeded the
spatial variance multifold (Tab 4). The IBD showed a tendency for the lowest levels of variation
at all spatial units (blocks, fields, etc.); This was especially true for high levels of spatial
heterogeneity. To go more in detail: The variation explained by the location, was rather similar
between the designs at low levels of heterogeneity while at high level, the RCBD showed
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surprisingly high standard deviation (2.78). When looking at plots, the RCBD demonstrated
the highest values (20.3) in all three levels of spatial heterogeneity compared to the other
designs, while IBD represented the lowest standard deviations at plot level. The residual error
was constant at low levels for all designs and increased erratically at high spatial
heterogeneity. The temporal year effect components were derived from field observations in
Location A (‘Year observed), from the average Dutch potato yields over the last 26 years
(‘Year Dutch average’). The observed year effect from experimental sites was around 5 times
higher than the average Dutch potato yield variation from the last 26 years (CBS, 2020). The
year:treatment variation was derived from multiple year experimental observation in Location
A and Location B (Tab 4).
Table 4. Variance components for three designs at three different levels of spatial
heterogeneity and constant year and year:treatment variability derived from multiple
year observations at Location A. The values show the mean of 1000 standard deviations
and related standard errors. See section ‘Extraction of variance components’.
Low spatial heterogeneity
(psil=0)

Observed spatial heterogeneity
(psil=0.15)

High spatial heterogeneity
(psil=8)

Sources of
variance

IBD

RCBD

TR

IBD

RCBD

TR

IBD

RCBD

TR

Location

2.045 ±
0.034

1.118 ±
0.068

2.350 ±
0.053

4.945 ±
0.002

4.963 ±
0.007

4.950 ±
0.006

0.496 ±
0.035

2.780 ±
0.087

1.431 ±
0.071

Field

0.156 ±
0.014

NA

NA

0.586 ±
0.016

NA

NA

5.894 ±
0.285

NA

NA

Block

0.141 ±
0.013

NA

0.362 ±
0.024

1.148 ±
0.010

NA

0.900 ±
0.019

15.421 ±
1.187

NA

9.188 ±
0.442

Plot

0.419 ±
0.036

3.652 ±
0.06

1.043 ±
0.055

1.001 ±
0.004

1.601 ±
0.013

1.321 ±
0.010

14.384 ±
0.902

20.313 ±
0.73

17.372 ±
0.637

Residual

0.002 ±
0.000

0.060 ±
0.000

0.002 ±
0.000

1.556 ±
0.003

1.616 ±
0.004

1.617 ±
0.004

23.893 ±
1.767

22.358 ±
0.632

22.367 ±
0.636

Average
estimated potato
yield

35.074 ±
0.000

35.073 ±
0.001

35.075 ±
0.001

35.077 ±
0.002

35.079 ±
0.007

35.064 ±
0.006

35.006 ±
0.069

35.015 ±
0.124

35.300 ±
0.119

Year observed

14.819

Year Dutch
average

3.220

Year:Treatment
observed

3.825

Year:Treatment
high
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Simulation and power analysis
The three designs demonstrated a consistent order over different levels of spatial
heterogeneity, with the IBD accounting best for spatial heterogeneity, closely followed by the
RCBD and the TR lagging far behind. Fig 5, A showed different levels of spatial
heterogeneities ranging from no (Fig 5, A) to very high (Fig 5, F) spatial field variability. The
effect size at power 0.8 (dotted line, power of 0.8) was generally very high, with the lowest
effect size in the IBD amounting to ~6.5 t/ha potato yields (Fig 5, A). Another finding referred
to the experimental designs’ ability to reach a power of 0.8 at a reasonable effect size:
Generally, we observed that the TR never reached a power of 0.8 within an effect size of 10
t/ha, making it highly unsuited for the simulated 6-year field trials. In contrast, the IBD and
RCBD designs, both, stopped reaching a power of 0.8 at a partial sill of 2 representing a SOM
variance of 2.17 and a difference between min and max of around 7 % SOM (Fig 5, E). When
now zooming in on the effect size at a power of 0.8, we observed that the proportion between
the experimental designs, changed with varying spatial heterogeneity (Fig 5, A); At very high
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spatial heterogeneity (Fig 5, F), the IBD performed even better than the RCBD compared to
lower levels of spatial heterogeneity (Fig 5, A). The difference at high level in effect size
between IBD and RCBD at power 0.8, amounted to ~0.75 t/ha while it was almost the same
at low levels (Fig 7, A; A.1).

Figure 5. Comparing experimental designs at six different levels of spatial
heterogeneity. Incomplete Block Design (IBD), Randomized Complete Block Design (RCBD)
and Time Rotation Design (TR) are compared at different levels of spatial variance. The effect
size refers to potato yields. The dotted line marks the power at 0.8, widely considered an
acceptable power.
Temporal variability demonstrated to be the major driver for the power of experimental
designs. The experimental designs were not sensitive to changes in year to year variation (Fig
6, B and D; B.1). The year:treatment interaction, however, was found to be the major factor
for differences in power for all the designs, but especially for the TR; TR seemed to be
especially sensitive to different levels of temporal heterogeneity as it only reached a power of
0.8 when no temporal variance was included. The difference between TR and IBD/RCBD with
observed and with no temporal effect, changed from an effect size of ~5 t/ha to ~0.5 t/ha at
power 0.8, respectively (Fig 6, A; C.1, B). This strong decrease in difference, indicated that
TR is more affected by temporal heterogeneity than the other designs. There is a consistent
difference between the effect size that RCBD and the IBD could detect with a power of 0.8
(0.5 t/ha); Both designs behaved similar at different levels of temporal heterogeneity. The
order of all the designs stayed the same with decreasing ability to cope with spatial and
temporal variance in the following order: IBD, RCBD and TR. Further, our results implied that
the spatial variance only accounted up to ~0.5 t/ha difference between all designs at a power
of 0.8 and that the bad performance of TR is almost entirely due to its inability to cope with
higher levels of temporal variance (Fig 7, C and Fig 6, B). To further investigate on the effect
of temporal variability, by focusing on just the IBD design at different levels of year:treatment
interaction effect (Fig 6, A). We observed that at very high temporal heterogeneity (standard
deviation of 10), the IBD did not reach a power of 0.8 below an effect size of 10 t/ha. When
decreasing the temporal variance further from the observed (standard deviation of ~3) to no
12

temporal effect, we remain with an effect size of ~2 t/ha which is around ~5 t/ha less than with
the observed temporal variance in the Netherlands. The remaining effect size of ~2 t/ha could
be attributed to the spatial variance (Fig 6, B and Fig 7, C).

Figure 6. Effect of temporal variance on the effect size of experimental designs. (A)
Comparing three experimental designs without temporal component (year:treatment
interaction). (B) Comparing different level of year:treatment interaction effect on the power at
in relation to effect size (t/ha) for the IBD design (for other designs please see C.1-2).
We further investigated on how different levels of sample sizes in the monoculture and strip
plots affected the power of the three experimental designs. Generally, we found that the
different experimental designs responded rather similar to different levels of sample sizes. Our
results showed that only very low numbers of samples (1_1) per plot were affecting the effect
size negatively at a power of 0.8 compared to higher levels. With increasing number of sample
sizes (from 4_2 to 20_10), we observed a trend of decreasing effect size in the RCBD and an
increasing effect size in the IBD at a power of 0.8. (Fig 7, D). To conclude, compared to other
sources of variation like spatial and temporal heterogeneity, sample size demonstrated a
marginal effect on the power of experimental designs (D.1-2).
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Figure 7. Comparing three different experimental designs (IBD, RCBD and TR) based
on the effect size (t/ha) at Cohens power 0.8 in the following categories: (A) Spatial
heterogeneity (partial sill levels from 0-8) (B) Year effect; (C) Year:treatment interaction effect
(D) Number of samples taken per monoculture and a strip plot. NA indicates that the respective
level and/or category does not reach a power of 0.8 at an effect size lower than 10 t/ha.
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Discussion
The aim of this study was to compare three different designs in their ability to account for
spatial and temporal variability. Our results showed that the importance of choosing a certain
experimental design increased with spatial heterogeneity. The IBD seemed most suitable to
account for spatial heterogeneity, followed closely by RCBD and the TR design. The IBD
performed especially better at very high levels of spatial heterogeneity. Our results implied
that the difference between the three designs to account for spatial heterogeneity (without any
temporal effect) were rather small (~0.5 t/ha). We assumed that this difference between the
designs was due to different numbers of replications in space; As such, with 9 blocks of three
different crop pairs, the IBD had clearly the largest number of plot replicates compared to
RCBD (3 plots with 3 crop pairs) and TR (3 plots with 1 crop pair). This might have led to
higher precision in the IBD to account for spatial variation at the experimental sites; Thus, the
effect size of the IBD was comparatively lower at power of 0.8 (Gilmour, Cullis, & Verbyla,
1997; Underwood, 1997).
The effect of the observed temporal variability (year:interaction effect) on the effect size at a
power of 0.8 was around three times higher than that of the spatial effect for the IBD and
RCBD, and even more so for the TR design. Thus, the RCBD and IBD seemed to cope better
with temporal variability than the TR in a 6-year trial. The reason why TR performed much
worse than IBD and RCBD, lies in the low number of replicates over the years; Given three
crop pairs and a trial duration of 6 years, the TR resulted in only 2 replicates. In contrast, IBD
and RCBD provided all crop pairs each year, leading to three times higher number of replicates
which cross-complied with the three times higher effect size of TR. When looking at a trial that
similar to our TR design (DOK-Trial, CH), we see that the experiment is described as “the
world’s most significant long-term field trial comparing organic and conventional cropping
systems”, having started in 1978 and still ongoing. The trial was designed to imitate a crop
rotation where, similar to our TR design, crops are cultivated only every second year (Mäder,
2015). Thus implying, to have a large number of replicates, either spatially or/and temporally,
where time can be taken as a block (Mead, Gilmour, & Mead, 2012); If the TR is applied for
long-term trials over a period of 42 years, like in the DOK trial in Switzerland, then you would
still have 14 replicates (42/3) per crop pair, leading to a possibly high precision of temporal
variability and thus lower effect size for TR at power 0.8. In this sense, TR is expected to lose
its unfavorable characteristics when applied over three times the amount of years compared
to IBD/RCBD. To avoid ambiguity, it has to be clearly said that we did not try to simulate nor
criticize the actual DOK trial! The trial simply inspired our TR design remotely. Deriving from
the importance of temporal variability on the power of experimental designs, we would argue
that with increasing variability of weather events due to climate change, the significance of the
temporal variability will increase even more so in the future (Pachauri et al., 2014). One way
to adapt to increasing climate variability would then be, to increase the required number of
years to maintain high power of experimental field results.
With regards to the sample size, we found that the different designs reacted very similar to
different numbers of sample sizes. The only strong difference in effect size at power of 0.8
based on sample size, was observed between one and multiple samples taken in the
monoculture and strip plots. When we compare that with Tab 3, we see that the effect size at
power 0.8, levels off after a total number of samples taken per plot and 6 years of 96 and 48
for the IBD and RCBD, respectively. The missing effect of sample size on power could be
explained by the central limit theorem implying that with increasing samples, the sampling
distribution converges around the mean (Rosenblatt, 1956; Underwood, 1997) – Thus, after
convergence, a change in sample size would not make a big difference in terms of effect size
at power of 0.8. The question now is, at what sample size the convergence happens and is
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there a difference between the designs? Based on our results we could argue that
convergence of sample size lies somewhere between a sample size of 42 and 96 for the IBD
and 18 and 48 per potato plot during a 6 year trial for the RCBD (refers to Tab 3); From there,
a further increase of sample size did not cause a strong shift in effect size at power 0.8
anymore. What stands out is, that the IBD and RCBD seemed to have a different optimal
number of sample size in order to reach lower effect sizes at a power of 0.8. Practically, this
could have far reaching implications with regards to labor requirements for sampling: In terms
of the effect size at a power of 0.8, the RCBD performed as good as the IBD with half of the
sample size taken over a period of six years. Another mentionable aspect with regards to
sample size is the pseudoreplication, being defined ‘as the use of inferential statistics to test
for treatment effects with data from experiments where either treatments are not replicated
(though samples may be) or replicates are not statistically independent’ (Hurlbert, 1984; Quinn
& Keough, 2002). For this study the second aspect of pseudoreplication seemed relevant as
it related to autocorrelation (expressed as ‘range’ in the semivariogram) generated as a basis
for spatial heterogeneity. As the range in Location A and Location B exceeded the plot size, it
is questionable whether the samples taken in this simulation are autocorrelated and thus
dependent observations. As a result, the effect of different numbers of pseudo-samples would
not influence the effect size as the yield values of the different samples showed a high
intraclass correlation – Then, the sample size needed to be adjusted to the effective sample
size (Snijder & Bosker, 2000; Zuur, Leno, Walker, Saveliev, & Smith, 2009).

Comparing the experimental designs
So far, the three experimental designs were assessed based on the power analysis which
tried to estimate the probability for a type-II error, the false rejection of the null hypothesis
(Cohen, 1992). Based on our results, we found that the IBD accounted best for both spatial
and temporal variability. This was quite remarkable, as the predominant experimental design
in agricultural crop research is the RCBD (Mead et al., 2012). We thus have shown in this
study that the IBD can be a promising alternative to the RCBD when conducting research in
diverse cropping systems. The IBD appeared to be especially suitable when the number of
treatments was high. Then, the RCBD might not be suitable anymore as the blocks and thus
the experimental units become simply too large to be still feasible, as this would further
increase the costs for experimentation in terms of money, labor and time, etc. (Toutenburg,
2009). Therefore, the IBD proofed to be a very efficient design: it allowed for the cultivation of
the monocultures reference fields on outsourced farm fields where crops would be grown in
any case. At location A (Droevendaal), the costs for the experimental plots were €0.46 / m2
and € 55 per labor hour, meaning that the cultivation of monocultures on other fields that e.g.
can be cultivated for commercial purposes is a financially beneficial option. However, the IBD
also had its shortfalls: When looking at the strip- and the monoculture plots, the IBD
demonstrated the highest land use in total (when including the outsourced fields). It is
therefore a question of where the monocultures with the reference space can be allocated and
what the related costs would be. If it was also a research area, the total experimental area
would be larger compared to the other designs and so will be the costs, labor, time
requirements, etc. Only if participatory research was being conducted, that involves farmers
in the research process, costs could be decreased by using the IBD over the RCBD. However,
the question would arise about the quality of research and the trust in the farmers accuracy
when maintaining and managing the experiments. It will then mainly be a matter of reliance
and individual trust from researchers to farmers. A further critique on the IBD relates to its
space:time interactions like variables with a spatial component, such as colorado beetles
(Leptinotarsa decemlineata). Due to its lifecycle, the colorado beetle is very location specific
as it overwinters in the soil, emerges and then feeds on the most proximate Solanaceae
hostplant (Boiteau & LeBlanc, 1992). The infestation rate will thus likely be higher in the strips
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compared to the monoculture fields, as the experimental area is not changing place, whereas
the externalized monocultures likely are. This would then lead to distorted results when
comparing strips versus monoculture in the IBD. To conclude, the RCBD is a good option
when costs and area is not a constraint; The RCBD is the most used design in agricultural
research and its statistical implications are well understood and widely used. The IBD showed
slightly better power in our experiment and seemed especially suitable when spatial variance
in the experimental fields is very high. Furthermore, the IBD allows participatory research,
outsourcing fields and involving farmers to manage certain fields of the experiments. The
aspect of using farmers field data allows to conduct research that is less constrained by low
treatment numbers and field size limitations. This is especially important when examining the
effect of farm-scale monocultures of 1, 2 or even 5 ha. The characteristic of the IBD to
outsource monoculture fields is thus an important trait in diversified cropping system research.
The TR is most convenient in its maintenance as only one crop had to be cultivated per
season. This reduced the cost and labor hours. However, it seemed only suited for either trials
of more than 18 years or when having multiple replicates per year, as only then you reach an
acceptable number of replicates and thus an acceptable power.

Bottlenecks and what could be improved
In this study a linear transformation from SOM to yield was conducted, even though this
relationship is in fact not linear and yield variability in space could be the result of many factors
(Heil & Schmidhalter, 2017). However, it served as a proxy for soil heterogeneity that allowed
us to study the importance of the experimental design in the ability to detect differences
between strips and monocultures. In this sense we argue that our approach is valid, not to
predict potato yield but as a basis to generate spatial variability in potato yields. Another
improvement would be to optimize the analysis for more sample size levels in order to find the
optimum for each of the designs. With smaller steps between the different sample size
configurations (e.g. 2_1, 1_2, 2_2, etc.) we could better deduce what happened between the
sample size categories 1_1 and 4_2 in order to find the optimal sample size for each design
in order to not waste labor hours for unnecessary sampling. There would be options to more
precisely understand the IBD and RCBD’s behavior in respect to sample size numbers.
Further, to improve the comparison between the IBD and the RCBD/TR, we would suggest
testing the IBD when only allowed at the experimental site (without outsourcing land). Then
the designs would be more comparable as they all used the same amount of land. It would
further be interesting to test the designs when not only comparing a strip treatment with the
monoculture but to compare between strip treatment (i.e. strip a and strip c). We would
assume the IBD to have a much lower effect size at power of 0.8 due to the higher number of
strip treatment replicates.

Practical implications
The practical value of our research is illustrated by simulations and analyses of large-scale
and diversified crop experiments. The results can inform other researchers that are designing
diversified crop experiments. On the one hand, the results could give post-hoc qualitative
insights on the advantages and disadvantages of the different designs. When applying that
to our case study experiments we can draw the following conclusions: Based on the location
specific power analysis of the two experimental sites at Droevendaal
[51°59’33.06”N,5°39’43.56”E] and Broekemahoeve [52°32’23.70”N, 5°33’44.92”E], we can
now make a subsequent assessment whether the IBD was the right choice given the specific
prerequisites. In both locations, three crop pairs are being cultivated in strips, while the
respective monocultures serve as reference. Based on the available space and prerequisites
of the ongoing experiment, an incomplete block design (IBD) was chosen mainly due to the
flexibility, meaning that three repetitions with the strip treatments could be grown on the actual
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experimental fields while the monocultures are located in different farm fields. At observed
level of temporal and spatial heterogeneity, and with observed sample size (4_2) the results
showed that the IBD created an advantage over the RCBD of around 0.5 t/ha effect size at a
power of 0.8. Under the defined conditions and drawing simply from the power analysis, we
could thus conclude that the IBD was the best option of the designs proposed in this study.
On the other hand, the method we used can be practically applied by crop researchers prior
to the trial implementation. In order to generate sound results from an experiment, it is highly
recommended to conduct a power analysis prior to the trial set up (Peters, 1991; Underwood,
1997). The R script of this study can be freely used by other researchers. To conduct the
simulation, location-based input data is needed such as the soil organic matter content, the
number of years, sample size and the field dimensions. Then a location specific analysis of
the research site is possible to inform the optimal choice of experimental designs based on
power calculation. Results from this study showed that, although temporal effects remain more
influential, with increasing spatial heterogeneity a difference in experimental power between
designs arises. It would thus be good practice, when designing a diversified cropping
experiment, to assess whether an experimental design will still allow its researchers to draw
solid conclusions from collected data, considering the spatial heterogeneity that might be
present.
Another point of discussion related to the relatively high effect size of about 6 t/ha at a power
of 0.8 for all designs. When looking at applied research we can ask not only what is a
statistically reasonable effect size but also what is a relevant effect size for farmers when
looking at potato yields? Is 1t/ha difference already relevant? If yes, then the design should
also be able to detect that difference to result in relevant experimental outcomes. This,
however, would not yet be possible with the current IBD design. The major problem is the lack
of either spatial or temporal replicates. Either the experimental area will be increased which
would then open up the option of having more spatial replications or the experiment would be
performed over a very long time. If spatial area became unlocked, it would be recommended
to change from IBD to RCBD, as then the probability of having confounded results due to
location effect would be smaller.

Further research needed
For further research we recommended to not only do the power analysis for yield but also for
other ecosystem services such as weed and insect biodiversity, pests, natural enemies,
disease abundance, etc. Further, it would be interesting to determine the power by altering
plot size (Quinn & Keough, 2002). The aim would then be to find the optimal plot size in relation
to a given range (parameter for autocorrelation of the variogram in ordinary kriging). When
including the temporal and spatial variance, we demonstrated a high effect size of around 6 –
7 t/ha at a power of 0.8. Therefore, another improvement would be to change the model
structure we used by including the year:treatment interaction as fixed effect instead of a
random effect. A better model fit could then potentially correct for the strong year:treatment
interaction effect and thus minimizing the effect size at a certain power. In future research, it
should further be experimented with relative yields, such as the Land Equivalent Ratio (LER)
(Mead & Willey, 1980). In the simulations, the present treatment effect sizes had been
regarded as a fixed, absolute value for all years. However, it might be more realistic to express
the treatment effects in a relative term. For yields, this could be done with the Land equivalent
ratio.

18

Conclusion
A methodology for the quantification of the agroecosystem services in diverse cropping
systems is imperative. Conducting sound research of diversified cropping systems is the
foundation to support an evidence-based transition towards cropping systems diversification
in Europe. The basis of such research is an experimental design that is inherently able to
detect modest differences between diversity treatments (e.g. strips and monoculture). Our
study demonstrated that the choice of experimental design had far-reaching consequences
on the power of experimental outcomes. We showed a high effect size for the RCBD and IBD
of about 6.5 t/ha at a power of 0.8 under observed spatial and temporal heterogeneity. When
shifting from sole cropping to diversified, farm-scale research, none of the experimental
designs under investigation was able to account for the spatial and especially for temporal
heterogeneity that was inherent to the simulated diversified cropping system. This revealed
the important finding, that all three designs generally did not meet the expectation to detect
modest differences between treatments – the main reason being the strong effect of temporal
variability over years. In contrast to the prevailing convention of solely using the RCBD in crop
research, the IBD seemed to perform similarly, if not better than the RCBD; Especially at very
high levels of spatial heterogeneity. The TR performed critically and was not recommended
for application in diversified cropping system experiments. By simulating diversified cropping
experiments and conducting a power analysis prior to its implementation, deliberate choices
for the design of the experiment can be made; Thus, enhancing the possibility to draw reliable
conclusions from experimental field outcomes. However, the quantitative approach of the
power analysis always needed to be evaluated and complemented with given practical
constraints of a certain experimental site. Deriving purely from the power analysis, we can
recommend both the IBD and the RCBD design, while discouraging the application of the TR
in trials shorter than 18 years. The choice between the IBD and RCBD then depends on more
qualitative aspects like the variables of interest, land availability, plot size objectives, number
of crop pairs and treatments, etc. Power analysis as a decision tool in the experimental design
process of diversified, farm-scale cropping experiments can help to make informed decisions
on the choice of experimental design to increase the quality of research and to create
outcomes that are scientifically valid and trustworthy for farmers.
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