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Abstract

This paper investigates the impact of the sampling strategy, defined as the couple sampling design
and estimator, in environmental surveys. Literature has focused more on the effect of either a spatial
sampling design or a spatial estimator on the final estimates, but not on the combined effect of the two,
i.e., a spatial design and a spatial estimator employed at the same time. Monte Carlo simulations are
carried out, where simulated and real datasets are used to provide a first set of results on this topic.
The simulations suggest that the combined effect is generally not strong in the settings investigated.
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1 Introduction

Environmental surveys are routinely carried out to gain information on spatial units, to be used for
inference purposes afterwards. The target populations in these surveys usually show a spatial trend
and/or have units that are spatially dependent. Therefore, the literature focused on how to take into
account such characteristics in order to improve the efficiency of estimators (for example, in terms
of mean squared error). Work has focused on the design phase of the survey, where the units are
(randomly) selected from a population of interest, and on the estimation phase of the survey, where
estimators are employed to perform inference on targets.

Literature for the design phase has focused on spatially balanced sampling designs, which is a class
of designs that aims to select units well spread over the region of interest. The first work on this
area introduced the Generalized Randomized Tessellation Stratified (GRTS) (Stevens Jr and Olsen,
2004). The Spatially Correlated Poisson Sampling (SCPS), the Local Pivotal Method (LPM), and
the Balanced Acceptance Sampling, were then introduced by Grafstrom| (2012), \Grafstrom et al.
(2012), and |[Robertson et al.| (2013)), respectively. More recently, the Product Within Distance (PWD)
and Sum Within Distance (SWD) were introduced by Benedetti and Piersimoni| (2017), the Weakly
Associated VEctor (WAVE) by Jauslin and Tille| (2020), and the Pivotal Tesselation Method (PTS)
by [Chauvet and Le Gleut (2021). Extensive simulations were carried out to investigate the design
effect of such methods, and it was found that the efficiency of the Horvitz and Thompson|(1952) (HT)
estimator in terms of mean squared error was increased with spatially balanced samples compared
to simple random samples (which do not take into account any spatial structure of the population).
For a review, see for example |Benedetti et al.| (2017).

Literature for the estimation phase has taken advantage of the model-assisted framework (Sarndal
et al., [2003), where a working model is used to incorporate additional population information and

Copyright © 2025 Francesco Pantalone. Published by |International Association of Survey Statisticians. This is an Open

Access article distributed under the terms of the Creative Commons Attribution Licence, which permits unrestricted use,

distribution, and reproduction in any medium, provided the original author and source are credited.
________________________________________________________________________________________________________________________________|]

The Survey Statistician 56 July 2025


http://isi-iass.org/home/services/the-survey-statistician/
https://creativecommons.org/licenses/by/4.0/

improve upon the Horvitz-Thompson estimator while maintaining properties of design-based estima-
tor as the resulting estimators are asymptotically unbiased under the design. The best known model-
assisted survey estimator is the generalised regression estimator (Sarndal et al., 2003, Chapter 6), or
in short GREG, which is based on a multiple regression model. This framework is quite flexible, for a
review see Breidt and Opsomer| (2017), and therefore a wide range of models have been employed.
For example, Breidt et al.| (2005) introduced the use of penalised splines regression in the model-
assisted framework, and Cicchitelli and Montanari| (2012) applied that to a spatial context. |Pantalone
and Ranalli| (2021) discussed different working models to account for spatial information.

However, the combined effect of both design and estimator has not been investigated in depth in
environmental survey (Nedyalkova and Tille (2008) studied the theoretical properties of the sampling
strategy in general under a linear model). This paper is a first step towards this end. A small inves-
tigation is carried out to look at the possible combined effect from the use of a spatial design and a
spatial estimator. Section |2|introduces notation and describes what the investigation is focused on,
while Section [3|presents the simulations and results. Finally, Section [4concludes and provides some
discussion for future research.

2 Notation and overview of the methodology

In this section, we firstly introduce the notation and then briefly describe the methodology employed
in this investigation. Let U = {1,..., N} be a finite discrete population of interest and S the set of
all possible subsets of U with cardinality 2. A sample without replacement is an element s € S
and is selected by means of a sampling design, which is a probability distribution p(s) on S such that
p(s) > 0and > .sp(s) = 1, and the set of samples given by {s € S : p(s) > 0} C S is called the
support of the sampling design. The probability for unit i to be included in the sample, 7; = > p(s),
is called first-order inclusion probability, while the probability for both units i and j to be included jointly
in the sample, ;; = Zsj{m}p(s), is called second-order inclusion probability. In the design-based
framework, the variable of interest y is considered deterministic, and the only source of randomness
is due to the selection of the sample s. The total of the variable of interest y, t, = SV | %, can be
then estimated by the HT estimator given by ¢, yr = >, i/, which is unbiased as long as m; > 0
foralli e U.

The sampling designs used in this investigation are the GRTS, SCPS, LPM, and PWD. The GRTS
is based on a hierarchical randomisation function that maps a two-dimensional space into a one-
dimensional space while preserving some spatial order (i.e., units in the region of interest are mapped
on a line). After this step, a systematic sample is drawn from the one-dimensional space, which will
tend to be well spread over the region of interest as the one-dimensional space preserved some
spatial structure. The SCPS is based on a list sequential criterion where at each stept =1,..., N,
a decision about the ¢-th unit in the list is taken. This has been inspired by the Correlated Poisson
Sampling (CPS) (Bondesson and Thorburn, 2008), and in order to achieve well-spread samples, a
specific (and different from CPS’s) set of weights is proposed. The LPM is an adaption of the Pivotal
Method (Deville and Tille, [1998) and at each step the selection probabilities for a pair of units are
updated such that the outcome of at least one unit is decided. This will lead to the final sample in at
most N steps, and the spatial balance is achieved choosing pair of units that are close in the region
of interest. The PWD employs an iterative algorithm where a distance matrix and a summary index
of the spatial balance are used in order to iteratively update the sample.

Note that these designs work in different ways but all have the same aim of selecting well spread
samples, which they achieve setting lower second-order inclusion probabilities 7;;s (at times close or
equal to zero) for closer units, and higher 7;;s for units farther apart (while respecting the first-order

inclusion probabilities). To measure the degree of spread of a sample, the Spatial Balance Index
________________________________________________________________________________________________________________________________|]

The Survey Statistician 57 July 2025



(SBI, |Stevens Jr and Olsen|(2004)) can be used. This index is based on the use of Voronoi polygons:
given a sample s, a Voronoi polygon is constructed for each sample unit ¢ including all population
units closer to i than to any other sample unit j. Then, the index is computed as

SBI(s) = %Z(vi —1)%

€S

where v; is the sum of the first-order inclusion probabilities of all units in the i-th Voronoi polygon.
Given that the set of Voronoi polygons is a partition of the population and the sample size is equal
to n, then ) .. v = Zj\’:ﬂj = n, which implies that for any sample unit i, E(v;) = 1, and that a
spatially balanced sample has v; =~ 1 V i. Therefore, lower values of the SBI denote a better spread
sample.

The estimators of ¢, considered in this study are the HT (for benchmark) and the GREG, which can
be written as
2 > yi — X/ 3
lyGREG = Z X;'F + Z #,
=1 1€8
where x; is a vector of auxiliary information for the i-th unit, and 3 is estimated through a regression

model y = 5y + x* 3 + €. For more details on the GREG estimator, see Sarndal et al. (2003, Chapter
6).

In order to investigate the performance of the different pairs design-estimator, we consider a quantity
that we refer to as Sampling Strategy Effect (SSE) and is similar to the design effect but considers
both design and estimator and is given by the following variance ratio

SSE(p.e) = ve)
(p.c) Vsrs(ty,vT)

(1)
where Vsrs(t, nr) is the variance of the HT estimator coupled with the Simple Random Sampling
without replacement (SRS), while V, (%, ) is the variance of a given sampling design p coupled with a
given estimator e. This ratio tells how well the sampling strategy (p, e) behaves in comparison to the
benchmark sampling strategy (SRS, HT'): when it is smaller than one, precision is gained for (p, e),
while when it is bigger than one, precision is lost. The variance ratio (1) can be estimated plugging in
the corresponding variance estimates.

3 Simulation studies

Monte Carlo simulations were carried out to evaluate the SSFE for several estimation strategies. At
each run of the Monte Carlo, a sample is selected by means of a sampling design p, and an estimator
e computed from the selected sample. The following Monte Carlo variance

1 1 ’
Foactine = 33 3 (b= 53]
m=1 z=1

where M is the number of runs in the Monte Carlo simulation, is used to estimate SSE's, and results
are presented in terms of gain in efficiency in percentages,

GAIN(p,e) = [1 — SSE(p, e)] x 100. 2)

Note that bias is found to be very close to zero for all SSFEs and is not discussed further.

In addition to the SSE's, we estimate the level of spread obtained by the different sampling designs by
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Figure 1: Generated populations. Population | has a linear spatial trend and no spatial dependence,
while Population Il has a linear spatial trend and spatial dependence.

the Monte Carlo averages of the SBIs, SBI, = >"*_ SBI,, /M, where SBI,, , is the SBI of the
m-th Monte Carlo replicate with the given design p. Lower SBI, indicates that the sampling design
p provides samples with better spread. This allows to look at the relationship between the combined
effect and the degree of spread of the sample. We use both a simulated dataset and a real dataset;
characteristics and motivations are explained in Section [3.7]and Section respectively.

3.1 Simulated data

We generate two populations on a [0, 1] grid made up of N = 50x50 = 2,500 cells. The first population
has a linear spatial trend and no spatial dependence, and it is generated as y = 10 + x” 3 + €, with
x matrix of spatial coordinates, 3 = {4,8}, and e ~ N(0,1). This provides a scenario where the
GREG estimator should perform well and results should not be affected by a model mis-specification.
The second population introduces spatial dependence to reflect a more realistic scenario, and it is
generated as in the first population but with e ~ A/(0, A), where A = a;;, and a;; = o2exp{—hi;/¢},
hi; is the Euclidean distance between i and j, 02 = 1.5, and ¢ = 0.5. These parameters are chosen
to introduce a reasonable amount of spatial correlation. The two populations are plotted in Figure 1]

A Monte Carlo simulation was performed with M = 500 replicates in order to investigate the efficiency
of the pairs design-estimator and evaluate the combined effect. The sampling designs employed were
the SRS (for benchmark), GRTS, SCPS, LPM, and PWD. GRTS is implemented in the R package
spsurvey (Dumelle et al,[2023), LPM and SCPS are implemented in the R package BalancedSam-
pling (Grafstrom et al,[2022), and PWD is implemented in the R package Spbsampling
2022). The first-order inclusion probabilities were set to be constant =, = n/N for all designs,
and three sampling fractions f = {0.05,0.10,0.15} were considered. The estimators employed were
the HT (for benchmark), and the GREG with the underlying (assisting) model y = 8y +x’ 3 + €. This
model should perform well in the first population, and it should perform a bit worse in the second pop-
ulation as the variance of the estimated coefficients are likely to be higher because of the additional
correlated error term.

Table [1| reports the values of GAIN(p,e) — equation — for different sampling strategies. The
intersection between row (estimator) and column (design) gives the efficiency gain obtained by that
sampling strategy with respect to the benchmark sampling strategy (SRS and HT estimator).
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Results suggest that the combined effect is small and disappears when the spatial balance increases.
For example, in the first population and with a sampling fraction of 5%, the combined use of GRTS
and GREG provided an additional 3.94% reduction in variance respect to the use of GRTS and HT
(87.48% - 83.54%=3.94%), but this combined effect almost disappears for the other sampling designs
that provide better spatial balances (from 3.94% of GRTS, to 0.35% of PWD). This combined effect is
even smaller for larger sampling fractions, e.g., when f=15% the additional gain in efficiency is only
1.7%. These findings are similar across the two populations, showing that the spatial dependence
introduced in the second population did not have an impact on the efficiency gain. This might suggest
that in this context the spatial trend could be more important than the spatial dependence, although
further investigation is needed.

Table 1: Efficiency gains in percentages from the pair (SRS-HT) for the two generated populations,
where the intersection between row (estimator) and column (design) gives the efficiency gain for the
sampling strategy given by that combination. Spatial balance indexes are also displayed. f indicates
the sampling fraction.

Population |

Population II

SRS GRTS SCPS LPM PWD

SRS GRTS SCPS LPM PWD

Efficiency gain in % from SRS-HT

Efficiency gain in % from SRS-HT

HT 0.00 8354 87.17 86.03 88.07 0.00 81.03 86.34 85.87 88.77
 GREG 87.61 87.48 87.18 87.33 88.42 81.86 84.75 86.50 87.04 89.11
l Spatial Balance Index Spatial Balance Index

0.30 0.11 0.05 0.06 0.03 0.30 0.11 0.05 0.06 0.03
Efficiency gain in % from SRS-HT Efficiency gain in % from SRS-HT
e HT 0.00 85.23 88.28 85.93 87.58 0.00 8254 87.30 85.64 87.48
S GREG 88.19 8758 88.46 86.76 87.90 82.15 85.03 87.46 86.37 87.74
l Spatial Balance Index Spatial Balance Index
028 0.12 0.05 0.07 0.04 0.28 0.12 0.05 0.07 0.04
Efficiency gain in % from SRS-HT Efficiency gain in % from SRS-HT
e HT 0.00 88.07 89.98 88.31 88.36 0.00 87.09 89.79 87.29 88.55
> GREG 89.46 89.77 90.21 89.18 88.41 84.36 88.76 90.04 88.29 88.57
l Spatial Balance Index Spatial Balance Index
0.27 0.12 0.06 0.08 0.05 0.27 0.12 0.06 0.08 0.05
3.2 Real data

A real dataset is also used to compare the strategies in a realistic setting. Data come from the
Land use and land cover survey (LUCAS), which is a European survey that provides harmonised
and comparable statistics on land use and land cover across the whole of the EU’s territory. For this
simulation, we use data on the land cover, defined as the bio-physical coverage of land (e.g., natural
areas, forests, lakes, buildings) of the Italian region Abruzzo (Figure .
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Figure 2: LUCAS data on land cover of the Italian region Abruzzo.

We focus on the presence of woodland, therefore the variable of interest is given by an indicator
variable of woodland w, and the target of inference is the proportion of woodland in the whole region.

As for the case of simulated data, a Monte Carlo simulation with M = 500 replicates was performed.
The sampling designs employed were the SRS, GRTS, SCPS, LPM, and PWD, with first-order inclu-
sion probabilities set to be constant m; = n/N. The sampling fractions f = {0.05,0.10,0.15} were
investigated. The estimators used were the HT, and the GREG based on an assisting generalised
linear model, which we will refer it as GLM in the following. In particular, we use a logistic regression
model given by

logit[P(w; = 1)] = o+ SLUTMX; + foUTMY; + fsUTMX; x UTMY;,

where UTM X and UT MY are the Universal Transverse Mercator coordinates.

Results are displayed in Table[2}, where we can notice that the combined effect in this scenario is very
limited across all sampling designs and sampling fractions. As this is a more realistic scenario where
we do not know the “true” model, there is a chance that we mis-specified the (assisting) model and this
plays a role here in terms of efficiency. Indeed, the pair (SRS-GLM) achieves a reduction in variance
of 5.50%, 6.41%, and 3.95%, for f = 5%, 10%, 15%, respectively, compared to values ranging in
24.57%-31.09%, 26.89%-54.40%, and 36.42%-58.40%, for f = 5%, 10%, 15%, respectively, when
a spatially balanced design is employed with HT (where in the first set of simulations where we did
know the “true” model, the GREG estimator achieves mostly better results than HT with a spatially
balanced design). But this was indeed the purpose of this second simulation, where we wanted to
get some insight from a situation where we don’'t know the “true” model, as it is the case in real
applications. Further investigation with more complex spatial models is left for future research.

The Survey Statistician 61 July 2025



Table 2: Efficiency gains in percentages from the pair (SRS-HT) for the LUCAS Abruzzo population,
where the intersection between row (estimator) and column (design) gives the efficiency gain for the
sampling strategy given by that combination. Spatial balance indexes are also displayed. f indicates
the sampling fraction.

SRS GRTS SCPS LPM PWD
Efficiency gain in % from SRS-HT

HT 0.00 24.57 29.70 40.04 31.09

¥ GLM 550 2457 2969 39.84 31.37
JL Spatial Balance Index
0.32 013 0.06 0.07 0.03
Efficiency gain in % from SRS-HT
o HT 0.00 26.89 46.66 45.83 54.40
S GLM 6.41 2766 46.66 45.66 54.47
I Spatial Balance Index
- 0.31 013 0.06 0.07 0.05
Efficiency gain in % from SRS-HT
o HT 0.00 36.42 57.07 50.18 58.40
» GLM 3.95 37.05 56.89 50.06 58.69
I Spatial Balance Index
S

0.31 0.14 0.07 0.08 0.06

4 Conclusions

In this paper, we are interested in the combined effect of using both a spatially balanced design and
an estimator that takes into account spatial information. Towards this end, Monte Carlo simulations
were carried out on both simulated and real data, where different sampling strategies (defined as
the couple design-estimator) were evaluated in terms of variance of the final estimates. Spatially
balanced designs together with HT and GREG estimators were employed.

Results suggest that the combined effect is not strong, especially when the degree of spread in the
sample increases and/or the sampling fraction is larger. To evaluate this, we generate a population
according to a given model, and then use the same model as an assisting model in the GREG
estimator. In this case, the larger extra gain given by the use of both a spatially balanced design
and a spatial estimator is 3.94% when the sampling fraction is 5% and the GRTS is used, while in
other cases the extra gain is generally very small. The results are generally similar for a population
with some spatial correlation. This suggests that in the scenarios investigated employing only a
spatial design or only a spatial estimator might be sufficient for obtaining (roughly) the same level of
efficiency, with the (big) caveat that the model works reasonably well.

The results raise the question of when it is better to use auxiliary information, either in the design
phase or the estimation phase. The third simulation on real data is designed to reflect the real
situation where the “true” population model is unknown. In this case, a logistic regression model
is used with covariates given by spatial coordinates and their interaction. In this case, employing
only the spatial estimator, e.g., the sampling strategy (SRS-GLM), provides the worst strategy with
considerably lower gains in efficiency compared those where a spatially balanced design and the HT
estimator are used. This could suggest that if not prior information that can be used to select an
appropriate (assisting) model is available, employing a spatially balanced design might be the safest
option (although one could try more complex working models).
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The paper provides overall a small set of simulations, and further settings have to be considered to
get a better understanding. For example, populations with different types of trend (quadratic, cubic)
can be considered, unequal first-order inclusion probabilities can be used, and other estimators can
be investigated (different working models tailored to exploit more spatial information to use in the
assisted-model framework such as spline regression or kriging). Additionally, a theoretical study as
for example in [Nedyalkova and Tillg| (2008) in this context would be interesting. This is for future
research.
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