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ABSTRACT
Spatial interpolation represents a fundamental approach in applied insect ecology, offering insight into species distributions and 
supporting biodiversity analysis, pest management and disease vector mapping. Insects—including important pollinators—face 
escalating threats due to habitat loss, climate change and anthropogenic pressures. As data-driven decisions become more criti-
cal in addressing these ecological challenges, spatial interpolation techniques such as kriging and regression-based models have 
become essential for estimating insect abundance in unsampled areas. This paper offers an in-depth review of both geostatistical 
and non-geostatistical methods employed in insect ecology, including ordinary kriging, universal kriging and machine learning-
based methods such as random forests and maximum entropy. We present a structured overview of their applications in pest 
management, disease vector mapping and biodiversity monitoring, and we provide practical guidelines for selecting appropriate 
spatial interpolation methods. In addition, we present several datasets that can support case studies in spatial modelling for 
insect ecology. Our findings underscore the advantages of integrating geostatistical approaches with environmental variables to 
enhance the accuracy of species distribution models. This review serves as a resource for entomologists and researchers seeking 
to advance ecological monitoring and management through spatial interpolation techniques.

1   |   Introduction

The role of insects and pollinators in maintaining healthy eco-
systems is fundamental; however, they are facing unprecedented 
threats around the world. The decline of these species has signif-
icant implications for biodiversity and human food security, as 
many crops rely on pollination services (Gallai et al. 2009).

These threats include climate change, which alters habitats 
and disrupts life cycles, leading to mismatches in the timing of 
pollinator activities and plant flowering (Vanbergen and Insect 
Pollinators Initiative 2013). Habitat loss, primarily driven by ag-
ricultural expansion and urbanisation, leads to the fragmenta-
tion of natural environments, reducing available resources and 
nesting sites for pollinators (Potts et al. 2010). Moreover, human 

activities, particularly the use of pesticides and pollutants, re-
duce insect populations and biodiversity, further destabilising 
ecosystems (Goulson et  al.  2015). These factors threaten indi-
vidual species and undermine essential ecological services, such 
as pollination and decomposition, critical to ecosystem health. 
As ecosystems become increasingly fragile, the protection of 
insect populations becomes vital, requiring a comprehensive 
understanding of pollinator behaviour and the environmental 
changes they face (Potts et al. 2016).

Expanding efforts to collect and analyse data on these threats is 
crucial to making informed, data-driven decisions that can help 
reverse or mitigate declines. However, the prevailing monitoring 
techniques either rely on time-consuming field observations or 
the use of invasive traps. Thus, they are unable to provide efficient 
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monitoring and preserve insect species on extensive spatial and 
temporal scales (Montgomery et al. 2021; Klink et al. 2022).

This paper is part of the BeeVision project, which addresses 
these challenges by combining event cameras and artificial 
intelligence to provide a cost-effective and scalable solution to 
monitor pollinator populations. For example, the spatial distri-
bution of insects can be mapped using such data. In the face 
of these challenges, an understanding of spatial patterns is in-
creasingly important (Vinatier et al. 2011). To achieve this, spa-
tial interpolation techniques, which employ known data points 
to estimate unknown values, are widely used in applied insect 
ecology to create maps from data to facilitate understanding 
and management of environmental processes (Sciarretta and 
Trematerra 2014). For example, to understand the distribution of 
disease vectors to improve prevention and monitoring measures 
(Eisen and Eisen 2011), to map the distribution of pests in crops to 
combat infestations (Liebhold et al. 2003; Moral García 2006) or 
to analyse biodiversity to gain additional insights (Ferrier 2002). 
This paper contributes to this broader context by offering a com-
prehensive review and practical guidance on the application of 
spatial interpolation methods in entomology.

The paper makes three contributions:

1.	 Literature review: It provides a structured and comprehen-
sive review of existing research on spatial interpolation 
in entomology, focusing on both geostatistical and non-
geostatistical methods. The literature is structured after 
the three main applications: pest management, mapping of 
disease vectors and analysis of biodiversity.

2.	 Guidelines for researchers: This work offers practical guide-
lines on selecting appropriate spatial interpolation meth-
ods for different entomological applications. It outlines 
criteria for data collection, applicability, the interpolation 
areas, model evaluation and software availability, thereby 
supporting researchers in making informed methodologi-
cal choices.

3.	 Datasets for case studies: The paper presents a set of avail-
able datasets that can be used to conduct case studies on 
pest management, biodiversity analysis and disease vector 
mapping. This section aims to facilitate further research by 
providing valuable resources for testing and validation of 
spatial interpolation models.

The relevance of this work lies in its potential to assist both ento-
mologists and researchers in related fields involved in ecological 
monitoring and pest management. By synthesising and cate-
gorising existing methods, offering clear guidelines and provid-
ing datasets, this work serves as an important resource and aims 
to enhance the capacity of researchers to monitor and analyse 
insect populations more effectively. The paper is structured as 
follows: Firstly, some fundamental principles of spatial interpo-
lation are introduced. Secondly, the existing literature on spatial 
interpolation in entomology is reviewed, with a particular focus 
on methods and applications. Thirdly, practical guidelines are 
provided to assist researchers in selecting suitable interpolation 
techniques based on specific needs. Finally, a selection of data-
sets is presented, accompanied by recommendations for their 
use in future research.

2   |   Materials and Methods

2.1   |   Spatial Interpolation

This chapter introduces spatial interpolation, emphasising its 
importance in environmental science for predicting values at 
unsampled locations. It introduces the various interpolation 
methods used in the existing literature, providing a theoreti-
cal basis for the paper and justifying the focus on kriging and 
other geostatistical approaches in the context of insect ecology. 
It discusses the mathematical principles behind interpolation 
methods and how kriging uses spatial autocorrelation to make 
predictions. The basic concept of spatial interpolation is to uti-
lise known data points to predict unknown values based on a 
given function (Li and Heap 2014).

Table 1 shows the different spatial interpolation methods (SIM) 
applied in the literature on entomology reviewed in this paper, 
categorised in three distinct groups. Methods, namely kriging, 
are based on the principles of geostatistics, methods outside the 
field of geostatistics, and methods combining approaches from 
both groups. In total, there are 15 different methods covered 
which have been applied in existing literature, with 66.6% being 
some variation of kriging. It is important to note that there are 
more existing methods to interpolate data than the ones cate-
gorised in Table  1. Many of these methods have been used in 
studies outside the field of entomology. In this review, only in-
terpolation methods which have been used or cited in existing 
studies in the field of entomology are categorised. Estimations of 
most SIMs can be represented as weighted averages of sampled 
data. They all share the same general estimation equation, as 
seen in Equation (1): (Li 2008).

In this case ẑ  is the predicted value at the point x0, z is the 
observed value at the point xi, λi is the weight assigned to the 
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TABLE 1    |    Overview of spatial interpolation methods.

Geostatistics Non-geostatistics Combined

Ordinary kriging Inverse distance 
weight

Regression 
kriging

Universal kriging Generalised 
linear models

Regression 
space time 

simple kriging

Co-kriging Regression tree

Indicator kriging Random forest

Block kriging Generalised 
additive models

Multi Gaussian 
co-kriging
Binomial areal 
kriging
Space time 
ordinary kriging

Max entropy
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sample point by the model and n is the number of total sample 
points. The weights are designed to sum up to 1 (Webster and 
Oliver 2007).

Geostatistics are a family of statistics that describe correlation 
through space to provide unbiased predictions of unknown 
values and a measure of prediction uncertainty (Oliver and 
Webster 2015). Positive spatial autocorrelation determines that 
observations in close spatial proximity are more likely to exhibit 
similar values than those at greater distances. In the field of geo-
statistics, this concept is key for modelling and predicting spatial 
patterns of geological and environmental variables (Isaaks and 
Srivastava  1989). When applying kriging, spatial autocorrela-
tion is quantified using the semivariogram, a fundamental tool 
in geostatistics. Although technically referring to the semivari-
ance, the term ‘variogram’ is often used interchangeably with 
‘semivariogram’ in many geostatistical applications. The semi-
variogram measures the variance between sample values as a 
function of distance, providing insight into the spatial continu-
ity and structure of the data (Cressie 2015). The semivariogram 
equation calculates the semivariance, which is half the average-
squared difference between pairs of sample points against their 
distance.

ŷ(h) is the calculated semivariance for a specific distance in-
terval. z(xi) and z(xi + h) are the sample values at two locations 
xi and xi + h with the distance h. m(h) is the number of sample 
pairs with the distance h, also called a lag.

All the key features of the semivariogram can be seen in 
Figure 1. The dots represent the actual calculated values of the 
semivariance at different distance intervals (lags). This is a plot 
of the empirical data showing how the semivariance changes 
with increasing distance between points (Gringarten and 
Deutsch 2001). Lags refer to the intervals between data points 

used to calculate the semivariogram. Each dot in the experimen-
tal semivariogram represents the average difference in values 
between points that are a certain distance (lag) apart. The semi-
variogram is computed by aggregating these differences over the 
various lag distances (Benndorf  2023). The nugget represents 
the semivariance at a distance of zero, which indicates a mea-
surement error or microscale variations. A high nugget implies 
that the data has no clear spatial autocorrelation (Goulard and 
Voltz 1992). The sill represents the plateau at which the semi-
variogram stabilises, which indicates the total variance of the 
data. Once the sill is reached, no further correlation between 
data points is observed as distance increases and the semi-
variogram can no longer make any evaluation of the variance 
(Bohling 2005). The range marks the distance when the semi-
variogram reaches the sill. The range of the semivariogram rep-
resents the maximum distance at which autocorrelation can be 
observed in the dataset (Wackernagel 1995). The experimental 
semivariogram is a direct calculation of how variance between 
points changes with distance. To predict the spatial structure 
of the data and perform kriging or other spatial interpola-
tions, mathematical models such as the Gaussian, Spherical, or 
Exponential semivariograms are fitted to the experimental data. 
The choice of model affects the interpolation, with each model 
providing a different assumption about how variance behaves as 
distance increases (Oliver and Webster 2015).

Kriging leverages the estimations by the semivariogram to de-
termine weights and make predictions for unsampled locations 
(Cressie and Hawkins 1980). The core equation for the kriging 
estimator is similar to Equation (1):

λi are the kriging weights estimated by minimising the variance, 
n is the number of samples and μ(x0) is the mean of samples 
within the observed area. Some kriging models assume a known 
constant mean of the values across the sample area, which is 
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(

x0
)

− � =

n
∑

i= 1

�i
[

Z
(

xi
)

= �
(

x0
)]

FIGURE 1    |    Example of an experimental semivariogram with different models.
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represented by μ (Wackernagel  1995). Similar to Equation  (1), 
kriging uses the known data points around the prediction loca-
tion x0 along with their respective weights to estimate Ẑ. Next 
to making predictions, an important trait of kriging is its abil-
ity to calculate the prediction error of the model. The weights 
in Equation (3) are calculated with the goal of minimising that 
error. To do that, kriging applies two conditions: unbiasedness to 
the data, meaning that the predictions are not systemically biased 
but represent an average across all sample points, and minimis-
ation of prediction variance, meaning that the estimated values 
should be as close as possible to the true values (Benndorf 2023). 
This makes kriging suitable for mapping variables like soil prop-
erties (Voltz and Webster 1990; Kravchenko and Bullock 1999), 
precipitation (Di Piazza et al. 2011) and pollution concentrations 
(Janssen et al. 2008; Wong et al. 2004), in which spatial correla-
tion is significant (Goovaerts 1997). Kriging can be adapted for 
various forms of data through its variants, allowing it to handle 
both isotropic and anisotropic data, univariate and multivariate 
data and continuous and binary data. Anisotropic data has differ-
ent properties depending on the direction in which it is measured. 
This means the data exhibits different behaviour or character-
istics along different axes or directions. Isotropic data has uni-
form properties in all directions (Callister and Rethwisch 2018). 
Univariate data involves a single variable, while multivariate 
data involves multiple variables at once, which can be analysed 
for relationships, interactions and patterns across these variables 
(Montgomery and Runger 2018). Continuous data can take any 
value within a range, while binary data consists of only two pos-
sible values, often representing categories or states like true or 
false (Agresti 2019). The most common types of kriging are ordi-
nary kriging (OK), universal kriging (UK), incorporating a trend 
function and co-kriging (CoK), which incorporates secondary 
variables into the calculations.

Besides spatial interpolation based on geostatistics, there are 
other methods which do not use information about the location 
to make predictions. Non-geostatistical interpolation methods 
may be more appropriate in scenarios where environmental vari-
ables are more dependent on external factors such as altitude, 
land cover, or climate conditions than on spatial location alone, 
or where sampling of the primary variable is more difficult than 
sampling of the external factors (Dale and Fortin  2014). These 
methods, as seen in Table 1, in literature often referred to as spe-
cies distribution models (SDM) or ecological niche models, do not 
inherently model spatial correlation but can integrate environ-
mental predictors to enhance interpolation accuracy. Applying 
these methods involves leveraging their capacity to integrate di-
verse data sources, which is important in dynamic environmental 
systems (Li 2008). Inverse distance weighting (IDW) estimates 
unknown values based on known values from surrounding loca-
tions. As with kriging, it assumes that points closer to the unsam-
pled location have more impact on the predicted value than those 
further away. The core equation for IDW weights is:

di is the distance between sampled and unknown locations, n 
is the number of samples and p is a power parameter, which 

determines how fast the impact of sample points decreases. 
Weights decrease as distance increases (Shepard 1968). A higher 
value of p increases the weight of nearby samples. IDW performs 
well with regularly spaced data and can be used when sampling 
data is scarce. Unlike kriging, it is not able to cluster samples. 
Due to its simplicity, it is often used as a benchmark for kriging 
interpolation (Isaaks and Srivastava 1989). Several models are 
using regressions to make interpolations. Regressions explore a 
possible relationship between primary and secondary variables 
to make predictions (Draper and Smith 1998). Linear regression 
assumes a linear relationship between the variables and tries 
to find the optimal linear function to model this relationship 
(Hosmer Jr. et al. 2013) generalised linear models (GLM) extend 
regression by allowing the variables to have different distribu-
tions, accommodating various data types such as binary, count, 
or continuous. Based on the chosen function, GLMs apply differ-
ent regression models (McCullagh 2019). GLMs themselves can 
be extended by generalised additive models (GAM) by allow-
ing non-linear relationships between predictors and variables, 
which can improve results when modelling complex patterns 
in the data (Hastie and Tibshirani 1990). Random forests (RFs) 
are a machine learning technique that generates multiple de-
cision trees trained on different subsets of the data that each 
produce a distinct output. RFs can perform both classification 
and regression, with the result being the aggregation of all trees 
to reduce training errors and enhance prediction accuracy 
(Breiman 2001). A similar method to RFs used for interpolation 
is regression trees (RTs). Opposed to RFs, they only create a 
single decision tree composed of decision nodes and leaf nodes. 
Prediction results are based on the mean value of the target 
variable in each leaf node, instead of an aggregation of different 
trees in the case of RFs (Breiman et al. 2017) maximum entropy 
(MaxEnt) is another machine learning method for modelling 
species distributions. It estimates the probability distribution of 
a species across a landscape by finding the probability distribu-
tion (i.e., the most widespread or uniform distribution) subject 
to constraints derived from environmental variables at known 
locations of presence (Elith et al. 2011).

To accompany both groups, some approaches combine geosta-
tistics and non-geostatistics to use and handle external data 
while still taking spatial correlation into account. Many of these 
models are combining regression models with kriging. They 
first model the spatial trend using the regression and then apply 
kriging on the residuals to capture the spatial autocorrelation 
to enhance the prediction accuracy (De Cesare et  al.  2002). 
This method is particularly useful when the spatial trend is in-
fluenced by external variables. An additional advantage is the 
fact that it allows separate interpretation of both components, 
regression and kriging (Hengl 2007).

2.2   |   Existing Work

This section presents an overview of existing literature on the 
application of spatial interpolation in the field of entomology. 
There is not a lot of related work which either focuses on en-
vironmental sciences as a whole (Li  2008), is no longer cur-
rent (Liebhold et al. 2003), or only covers singular applications 
(Sciarretta and Trematerra 2014). Particular attention is paid to 

(4)�i =

1

d
p
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i=1
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the application of methods such as kriging and its variants in 
pest management, biodiversity analysis and disease vector map-
ping. This section focuses on the different applications SIMs are 
used for, describing the scenarios they have been applied in and 
their results. Existing work on insect species distribution model-
ling can be grouped into three main applications: pest manage-
ment, mapping of disease vectors and mapping and analysis of 
biodiversity. Table 2 shows the different interpolation methods 
that have been applied in studies which are going to be covered 
in the following sections. Each section starts with a table, struc-
turing the studies according to the methods used, the species 
observed, the sampling period and the secondary variables used 
for modelling, followed by a review of the results and insights of 
each study. The goal of the review is to present an overview of 
the variety of different interpolation methods that already have 
been used in research.

Pest management is represented the most in the literature and 
therefore differentiated between local applications and regional/
global applications of pest management. Areas below a scale 
of 5 km2 are considered local, and areas above count towards 
regional/global.

2.3   |   Pest Management

In the following two sections, an overview of existing applica-
tions of SIMs for pest management on both a local and regional/
global scale is provided. Pest management involves understand-
ing the behaviour, life cycle and population dynamics of pest in-
sects to develop effective control strategies. Spatial interpolation 

methods have emerged as useful tools in this domain, offering 
approaches for spatial analysis and prediction (Sciarretta and 
Trematerra  2014). It is noteworthy that some literature does 
not define the specific kriging method used and will only be re-
ferred to as kriging in this review.

2.3.1   |   Local

Table 3 summarises the literature reviewed in this chapter, in-
cluding the SIM used, the species observed, the sampling period, 
and secondary variables, where appropriate for the methods. 
The samples used in these studies can either come from samples 
collected during the study itself, or from other sources, such as 
institutions that conduct regular surveys of species occurrence. 
In the latter case, the sampling period may be much longer.

Weisz et  al.  (1995a) compared OK with four different IDW 
functions and found that OK produces the best predictions, fol-
lowed by IDW functions with higher exponents. All interpola-
tors showed weakness in areas with low mean densities. In an 
additional study on the Colorado potato beetle using kriging, 
Weisz et al. (1995b) concluded that making targeted interven-
tions based on maps created by kriging could result in time 
savings and reduced pesticide load for the environment. But 
designing the sampling program and interpolation needs to be 
appropriate for the observed pest. Reay-Jones (2010) found that 
IDW is useful for interpolation of spatial patterns with scarce 
sampling data. Several studies saw a high variance in results 
using different semivariogram models. This outlines the im-
portance of testing different models when applying spatial 

TABLE 2    |    Methodological approaches across different fields.

Method

Pest management

Disease vectors BiodiversityLocal Regional/global

Geostatistics

Ordinary kriging x x x x

Universal kriging x x

Co-kriging x x x

Other kriging methods x x

Non-geostatistics

IDW x x

GLM x x

RT x

RF x

GAM x

MaxEnt x x

Logistic regression x

Combined

Regression kriging

RSTK x
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interpolation (Ellsbury et al. 1998; Rijal et al. 2014). In some 
cases, certain models were not able to identify spatial correla-
tion at all, while other models identified significant correlation 
(Park and Obrycki 2004). In addition, Ellsbury et al. (1998) saw 
that kriging can be beneficial for pest management by offer-
ing alternative approaches to sampling and management of in-
sects' pests. Several studies found OK to be helpful in analysing 
pests, such as their movement in fields (Moral García 2006), or-
igin and direction of outbreaks (Martins et al. 2018) or their life 
cycle and preferred host areas (Bressan et  al.  2010). Farmers 
can use these insights to develop sampling plans, assess infes-
tations and improve pest management. Kriging was helpful to 
map soil infestation by several insect species using acoustic 
systems as a non-destructive tool for sampling (Brandhorst-
Hubbard et al. 2002). If there is an unusual trap count or sub-
optimal sample distribution, OK is capable of interpolating 
data for the entire area, thus allowing the use of additional 
methods that incorporate supplementary environmental data 
(Sciarretta et al. 2001).

2.3.2   |   Regional/Global

Defoliation caused by gypsy moths is a well-researched prob-
lem. Several studies used CoK to predict defoliation, as seen in 
Table 4. Hohn et al.  (1993) found, when using time as a third 
dimension, that results tended to lag 1 year behind actual val-
ues, attributed to the model's tendency to adjust heavily to the 
values of the preceding year. In addition, the same researchers 
had better results using a logistic regression than CoK (Gribko 
et al. 1995). In contrast, Liebhold et al.  (1998) saw high model 
errors with logistic regression across different models, using egg 
mass density estimates of gypsy moths and distance to the in-
fested front as variables. Next to time, other variables are helpful 

in explaining spatial correlation using different CoK models, 
like elevation, slope and outbreak frequency (Cocco et al. 2010; 
Castrignanò et  al.  2012). Several studies acknowledge the po-
tential of OK to improve pest management by providing early 
information on outbreaks and seasonal movements, which can 
be used to intensify monitoring zones, delimit treatment areas 
and optimise countermeasures and trap placement (Farias 
et al. 2004; Duarte et al. 2015; Koch and Smith 2008). Kriging 
methods like OK and indicator kriging (IK) are helpful in sup-
porting other interpolation methods, like SDMs, by providing 
additional information on the insect pests (Sharov et al. 1995; 
Koch and Smith  2008). When using OK on large areas, the 
assumption of a constant mean (stationarity) can hurt predic-
tions. To improve the prediction quality, the area can be divided 
into several ecoregions with similar environmental traits, and 
OK can be performed separately for each subregion (Koch and 
Smith 2008). Using kriging improves the quality of hazard maps 
of potential infestation and drastically reduces the time required 
to develop maps compared to correlograms, but the accuracy 
of maps is impacted by the chosen grid size for the calculation 
(Kemp et al. 1989). An SDM like, the MaxEnt algorithm can pre-
dict current infestation and help analyse habitat suitability of 
pests to improve management. However, when using remotely 
sensed data, quality and availability can become a problem, 
since it can be costly, and external conditions can impact the 
quality. Furthermore, fine-tuning models to improve accuracy 
is crucial. Using models without adjusting parameters will lead 
to incomplete predictions. Furthermore, reducing model com-
plexity and incorporating biological knowledge about species 
can improve both model accuracy and the ability to transfer the 
model to new areas. Reducing model complexity means focus-
ing on fewer environmental variables which appear to have the 
highest impact on describing the distribution of a specific spe-
cies (Makori et al. 2017; Srivastava et al. 2021).

TABLE 3    |    Summary of studies on local pest management.

Study Methods Species
Sampling 

time frame

Brandhorst-Hubbard 
et al. (2002)

Kriging Several soil invertebrates 2 months

Bressan et al. (2010) OK Cixiid planthoppers (Pentastiridius leporinus) 2 years

Ellsbury et al. (1998) Kriging Western (Diabrotica virgifera) and northern 
(Diabrotica barberi) corn rootworm

5 months

Martins et al. (2018) OK Tomato leafminer (Tuta absoluta) 6 months

Moral García (2006) OK Cotton bollworm (Helicoverpa armigera) 2 months

Park and Obrycki (2004) OK Corn leaf aphids (Homoptera: Aphididae), 
lady beetles (Coleoptera: Coccinellidae)

3 months

Reay-Jones (2010) IDW Cereal leaf beetle (Oulema melanopus) 2 years

Rijal et al. (2014) OK Grape root borer (Vitacea polistiformis) 4 years

Sciarretta et al. (2001) OK Plum fuit moth (Cydia funebrana) 12 months

Weisz et al. (1995a) OK, IDW Colorado potato beetle (Leptinotarsa decemlineata) 6 months

Weisz et al. (1995b) Kriging Colorado potato beetle 6 months
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2.4   |   Mapping of Disease Vectors

Another application is the mapping of disease vectors to im-
prove monitoring and understand transmission patterns. 
Mapping disease vectors is a fundamental step in understanding 
and managing vector-borne diseases. Disease vectors, includ-
ing mosquitoes, ticks and flies, have a significant impact on the 
transmission of pathogens that cause diseases such as Malaria, 
Dengue, Zika and Chagas disease. Accurate mapping of these 
vectors makes it possible to predict disease outbreaks, imple-
ment control measures, and ultimately reduce the prevalence of 
vector-borne diseases (Eisen and Eisen 2011).

Table  5 shows the different studies using spatial interpolation 
for this application. UK has been used by several studies to map 
mosquito and egg-mass abundance. Based on the results, UK is 
useful for mapping egg-laying hotspots and improving monitor-
ing and prevention by allowing researchers to make more tar-
geted control efforts (Richards et al. 2006; Ryan et al. 2004). The 
study by Cano et al. (2007) showed that using OK and UK helps 
to analyse the distribution and dynamics of disease vectors, 

and both methods are useful tools to discriminate zones with 
high and low abundance and to predict potential transmission 
of sickness. While Duncombe et al. (2013) were able to use OK 
to identify high transmission zones in certain time frames, OK 
also failed to observe spatial correlation in 43 out of the total 57 
observed months. The sampling method has a significant im-
pact on interpolation results. Azil et al.  (2014) showed that by 
using different traps, the data revealed significantly higher spa-
tial correlation. Instead of using sticky ovitraps to trap breeding 
females, they used a trap designed to capture adult mosquitoes 
in general. In addition, results of predictions can be improved 
by using CoK instead of OK with the Premise Condition Index, 
a measure of house and property condition related to mosquito 
breeding potential, and total potential breeding containers as 
variables (Azil et al. 2014). Several other studies reported similar 
results and were able to improve predictions by using multivar-
iate kriging models. Giordano et al. (2018) observed that using 
all available landscape variables: elevation and proximity to 
conservation areas, provincial parks, wetlands and population 
centres, did not improve the spatial prediction. The observed 
species exhibited spatial autocorrelation with only a few and 

TABLE 4    |    Summary of studies on regional/global pest management.

Study Methods Species
Sampling 

time frame
Secondary 
variablesa

Castrignanò 
et al. (2012)

Multi-Gaussian 
co-kriging

Olive fruit fly (Bactrocera oleae) 6 months Elevation

Cocco et al. (2010) CoK Gypsy moth (Lymantria dispar) 24 years Elevation, slope, 
outbreak frequency

Duarte et al. (2015) OK Oriental fruit moth 
(Grapholita molesta)

3 years —

Farias et al. (2004) OK Sharpshooters (Xylella fastidiosa) 9 months —

Gribko et al. (1995) Logistic regression Gypsy moths 39 years Time

Hohn et al. (1993) CoK Gypsy moths 39 years Time

Kemp et al. (1989) BK Rangeland grasshoppers 
(Orthoptera: Acrididae)

1 year —

Koch and 
Smith (2008)

OK, SDM Redbay ambrosia beetles 
(Xyleborus glabratus)

Not specified Temperature, 
moisture, precipitation

Liebhold et al. (1998) Logistic regression Gypsy moths 3 years Egg mass density, 
trapped males, 

defoliation in previous 
year, distance to 
population front

Makori et al. (2017) MaxEnt Small (Aethina tumida) and 
large (Oplostomus haroldi) 

hive beetle, honeycomb moth 
(Galleria mellonella), varroa 

mite (Varroa destructor)

3 months Biotic variables, 
topographical, 
temperature, 
precipitation

Sharov et al. (1995) Indicator kriging Gypsy moths 5 years —

Srivastava 
et al. (2021)

MaxEnt Asian gypsy moth, 
Asian longhorned beetle 

(Anoplophora glabripennis)

Not specified 19 bioclimatic 
variables

aIf applicable for the respective methods.
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differing variables. Sedda et al. (2010) found that by using envi-
ronmental variables, except just time, results improved by com-
paring space–time OK and regression space–time simple kriging 
(RSTSK). Seasonality and total forest area (habitat) emerged as 
the primary determining factors for tsetse abundance. Several 
different SDMs, RTs, MaxEnt, RFs, GLM, were used to model 
mosquito abundance with similar goals. For example, to mon-
itor and predict changes in the seasonal movements of pests to 
adapt prevention programs, identify high-risk areas to make 
targeted control measures and to model environmental suit-
ability (Zheng et al. 2019; Espinosa, Polop, et al. 2016; Espinosa, 
Weinberg, et al. 2016; Cianci et al. 2015). These models use many 
variables to perform spatial interpolation compared to kriging. 
Some studies use up to 23 different environmental, climatic and 
demographic variables (Espinosa, Weinberg, et al. 2016). Cianci 
et al. (2015) built different models using up to 11 variables and 
found that maps created with RFs outperformed those gener-
ated with GLMs.

2.5   |   Biodiversity

Mapping the insect biodiversity is a vital endeavour in ento-
mology, providing critical insights into ecosystem health, the 
effects of climate change and species conservation. It can help 
scientists understand patterns of species richness, identify bio-
diversity hotspots and monitor changes over time. This can 
improve conservation planning, prioritise areas for protection, 
sustainably manage habitats and restore degraded ecosystems 
(Ferrier 2002).

As seen in Table  6, mapping biodiversity includes many sec-
ondary variables and is not just based on spatial correlation. 
Common variables include temperature, habitat, rainfall and 
elevation. A study by Monfared et al. (2013) supports this. They 
concluded that, when analysing insect biodiversity, multivariate 
kriging models that incorporate environmental variables tend 
to outperform univariate models like UK or OK. Several stud-
ies use GLM to predict insect biodiversity across spatial areas. 
GLMs are suitable since they can incorporate a high number 
of variables into the predictions (Hawkins and DeVries  2009; 
Plascencia and Philpott  2017). It is also possible to combine a 
GLM with other methods, in this case a GAM, using ensemble 
modelling to improve results. This approach predicted possible 
changes in the future of biodiversity caused by climate change 
of grasshoppers, butterflies and dragonflies. Additionally, Maes 
et al. (2010) applied UK to interpolate climate data and support 
the main model's predictions. While GLMs are more commonly 
used in the literature to analyse and predict biodiversity, geo-
statistics and IDW are also applied for this purpose. Marchand 
et al. (2015) used IDW to interpolate the inflorescence density 
to support the analysis of bee foraging behaviour. Hortal and 
Lobo  (2011) compared GLMs, using 24 predictor variables, 
and multivariate kriging to predict scarab dung beetle rich-
ness. Both models performed well on the training dataset but 
showed poor generalisation when applied to other locations, de-
spite only minor differences in environmental conditions. One 
reason for the poor predictions could be the non-stationary na-
ture of the variations in species abundance and the correlation 
to environmental variables. With better success, Ballesteros-
Mejia et  al.  (2013) used CoK to map biodiversity patterns of 

TABLE 5    |    Summary of studies on disease vector mapping.

Study Methods Species Sampling time frame Secondary variablesa

Azil et al. (2014) OK, CoK Mosquito (Aedes 
aegypti)

6 weeks Premise condition index, 
potential breeding containers

Cano et al. (2007) OK, UK Tsetse fly (Glossina 
palpalis palpalis)

18 months —

Cianci et al. (2015) RF, GLM Mosquito Not specified 11 environmental variables

Duncombe 
et al. (2013)

OK Mosquito 57 months —

Espinosa, Weinberg, 
et al. (2016)

MaxEnt Mosquito 5 years 23 environmental, climatic, 
demographic variables

Giordano et al. (2018) Universal CoK, 
simple CoK

12 west Nile virus 
vectors (Diptera: 

Culicidae)

12 years Elevation, proximity to 
conservation areas, parks, 

wetlands, population centres

Richards et al. (2006) UK Mosquito 2 years —

Ryan et al. (2004) UK Four mosquito 
species

16 weeks —

Sedda et al. (2010) Space–time
OK, regression

Space–time
Simple kriging

Tsetse fly 15 months Habitat area, mean patch size, 
patch size standard deviation

Zheng et al. (2019) RT Mosquito 20 years Average temperatures, 
monthly rainfall

aIf applicable for the respective methods.
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hawkmoths, using vegetation type, population density, level of 
infrastructure and protected areas as predictors. CoK yielded 
good results, but the results were biased towards densely popu-
lated areas due to a higher sampling density. This indicates that 
consistent sampling across regions is critical for such large-scale 
interpolation.

3   |   Methodological Guidelines and Available Data

The application of spatial interpolation methods in entomol-
ogy requires careful methodological considerations, including 
the selection of appropriate models, data collection strategies 
and validation techniques. In this section, we provide practical 
guidelines to assist researchers in choosing and implementing 
interpolation methods effectively. These guidelines are derived 
from the reviewed literature and are intended to help avoid com-
mon pitfalls in spatial data analysis.

In addition, we present a selection of publicly available datasets 
relevant to pest management, biodiversity analysis and disease 
vector mapping. These datasets serve as resources for research-
ers looking to test and validate interpolation techniques in real-
world scenarios. The availability of well-documented data is 
essential for improving reproducibility and advancing method-
ological approaches in this field. By linking theoretical insights 
from the literature with concrete datasets, we aim to facilitate 
the application of spatial interpolation methods and support fur-
ther research in insect ecology.

3.1   |   Methodological Guidelines

Based on the reviewed literature, OK is the SIM of choice for 
local applications in pest management due to its robustness 
and sampling flexibility. This is especially relevant when re-
motely sensed data is unavailable at the local scale, as OK is 
the only interpolation method used across all applications 
(Sciarretta and Trematerra  2014). For effective semivario-
gram modelling, the literature suggests using 25–30 samples 
with approximately 4–5 lags (Journel and Huijbregts  1976). 
Although this recommendation originates from mining stud-
ies rather than entomology, it is frequently cited in research 
on spatial interpolation of insect-related data. However, some 
literature recommends having between 50 and 100 samples 
to improve spatial interpolation precision. Nevertheless, in-
creasing the sample size generally leads to higher precision 
(Webster and Oliver 2007). When using OK, it is essential to 
consider that each area must be treated with equal importance 
during the sampling process, regardless of whether the area 
contains low- or high-density values (Brenner et al. 1997). The 
observed area should be constant and heterogeneous, ensur-
ing that the spatial model can effectively capture the under-
lying variation (Zimmerman et al. 1999). OK does not require 
regular sampling, which is useful in the context of pest man-
agement, since sampling is often affected by the distribution 
of the crops (Schotzko and O'Keeffe  1989). Cross validation 
with several semivariogram models is important. Different 
semivariogram models can yield varying results; therefore, 
testing alternative models enhances the understanding of the 

TABLE 6    |    Summary of studies on biodiversity prediction using different methods.

Study Methods Species Sampling time frame Secondary variablesa

Ballesteros-Mejia et al. (2013) CoK African 
sphingid moths 
(Macroglossum 

trochilus)

Not specified Vegetation type, 
population density, 

infrastructure, 
protected areas

Hawkins and DeVries (2009) GLM Different butterfly 
species

Not specified Evapotranspiration, 
temperature, forest 

biomes, vegetation index

Hortal and Lobo (2011) GLM, kriging Scarab dung 
beetles (Coleoptera 

Scarabaeidae)

Not specified 24 predictors 
accounting for soil, 

relief, climate, land use, 
habitat diversity and 
geographical location

Maes et al. (2010) GLM, GAM, UK Grasshoppers, 
butterflies, 
dragonflies

15 years Temperature, rainfall, 
land cover, soil data

Marchand et al. (2015) IDW Bees 4 months —

Monfared et al. (2013) CoK, OK Bees (Apoidea 
Hymenoptera)

19 months Elevation, temperature

Plascencia and Philpott (2017) GLM Bees 4 days Urban land cover, 
number of flowers, 
nearest neighbour 

analysis
aIf applicable for the respective methods.
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spatial structure of the data and can improve the accuracy of 
predictions. OK is unsuitable for data exhibiting high variance 
across the study area; kriging methods able to model trends 
like UK are a better fit in such cases (Cressie 1986). OK can 
be implemented through several software platforms, with 
SURFER and ArcGIS being commonly used for geostatistical 
analysis. SURFER is a Geographic Information System (GIS) 
software package developed by Golden Software LLC, which 
supports various interpolation methods (e.g., kriging and 
IDW) and enables the creation of contour maps, heatmaps and 
3D surface models. ArcGIS is a comprehensive GIS platform 
developed by Esri (Environmental Systems Research Institute 
Inc.) that supports spatial analysis, map creation and geosta-
tistical tools such as kriging and IDW interpolation.

Different variations of CoK proof to be useful interpolation 
methods for pest management on a regional or global scale and 
are also employed for mapping vectors and biodiversity in sev-
eral studies. Many of the same guidelines discussed for OK also 
apply to CoK. This is especially true regarding sampling strate-
gies and spatial characteristics of the study area. Additionally, 
CoK is particularly useful when primary data is sparsely sam-
pled, but auxiliary data is more readily available (Myers 1984). 
Correlation between the primary and secondary variables is 
critical for the spatial interpolation methods that incorporate 
auxiliary information (Goovaerts  1997). The effectiveness of 
CoK relies on selecting covariates that are strongly correlated 
with the variable of interest. The closer the relationship, the 
more accurate the predictions. This can significantly enhance 
prediction accuracy, often surpassing traditional kriging ap-
proaches (Stein and Corsten 1991). Auxiliary variables need to 
be sampled densely enough to model spatial correlations effec-
tively. If auxiliary data is sparse or poorly sampled, the bene-
fits of CoK diminish considerably. The same principle applies 
as with univariate kriging: secondary variables must be sam-
pled in a manner that allows for spatial correlation to emerge 
(Knotters et al. 1995). Most studies utilise ArcGIS for CoK; in 
some cases, software packages in R are also used. R is a widely 
used programming language, developed by R Core Team, which 
provides a wide range of statistical and spatial analysis packages 
suitable for reproducible research.

In the context of disease vector mapping, no single preferential 
model emerges from the literature; however, SDMs are frequently 
applied. This suggests that multivariate and non-geostatistical 
models based on auxiliary data are useful for modelling the 
distribution of vectors. Sampling bias can significantly distort 
SDM predictions. A common source of bias stems from prefer-
ential sampling, where regions expected to host the species are 
disproportionately surveyed. To mitigate these effects, methods 
such as background sampling or spatial corrections should be 
employed to create a balanced representation of the landscape 
(Pennino et al. 2018). The number of samples required for ac-
curate predictions in SDMs largely depends on the species' eco-
logical niche and prevalence. Species with narrow distributions 
may require as few as 14 samples, whereas widespread species 
typically need 25 or more (Proosdij et  al.  2016). It is essential 
that SDMs are tailored to the specific species of interest and the 
intended use of the model. Iterative development, testing, and 
validation help ensure the reliability of the predictions (Sofaer 
et al. 2019). When selecting an SDM, informed decisions should 

be made regarding model complexity, choice of predictor vari-
ables and the representation of predictions (e.g., via thresholds). 
More complex models do not necessarily yield better results. 
Simpler models, when chosen correctly, may offer superior per-
formance by minimising overfitting and making predictions 
more robust (Merow et  al.  2014). Most SDMs in the reviewed 
literature are implemented in R, using various R-packages. For 
certain models, such as MaxEnt, dedicated software applica-
tions are available, including the MaxEnt package itself.

GLMs are the most frequently used method for modelling bio-
diversity, as it is a complex influenced by numerous environ-
mental variables. The process of variable selection is critical 
in building efficient GLMs (Hawkins and DeVries  2009). It is 
important to acknowledge that model performance varies; a 
particular model may perform poorly in some cases but yield ro-
bust predictions in others (Von Tress 2003). As Jovanovic (1991) 
highlights, careful selection of regression parameters and the 
use of diagnostic measures are essential to ensure the validity 
of model assumptions. Inefficient or improper variable selec-
tion can lead to poor model performance or biased predictions. 
The quality of spatial interpolation heavily depends on the 
design of the sampling plan. In the context of GLMs, spatial 
sampling should be designed to capture the full range of vari-
ation in covariates that affect the spatial process. Breslow and 
Clayton (1993). Selecting the appropriate GLM and its structure 
is crucial. Cross-validation and information-theoretic criteria, 
such as the Akaike information criterion (AIC), which balances 
model fit and complexity, should be used to guide model selec-
tion. Additionally, GLMs should be validated using independent 
datasets to confirm that they generalise effectively to unsampled 
areas (Varin et al. 2005). Besides being used as stand-alone mod-
els, GLMs can also be combined with kriging as regression krig-
ing (RK) to enhance predictions, as they are themselves a form 
of regression (Liu et  al.  2009). GLMs are mostly implemented 
using R and its statistical packages.

3.2   |   Available Data

In this section, we present a curated selection of datasets rele-
vant to the applications discussed in this review. These datasets 
were chosen because they contain representative, long-term ob-
servational data, making them well-suited for applied research 
and methodological testing of spatial interpolation techniques. 
Their extended collection periods and comprehensive spatial 
coverage allow for robust experimentation, helping to assess the 
performance of different interpolation methods in real-world 
ecological scenarios.

Table 7 provides an overview of the datasets, including the pri-
mary species observed, key features, intended application, geo-
graphic coverage, number of recorded entries and data collection 
time frame. For reference, each dataset is assigned a number 
from [1] to [8]. Each dataset includes spatial coordinates linked 
to species occurrence records, either as unique observations or 
as count data. In Table 7, datasets with singular observations are 
labelled as ‘Observations’, whereas those with varying counts 
per entry are categorised as ‘Counts’. As many publicly available 
datasets focus mainly on species occurrences without additional 
environmental variables, they are often not directly suitable for 
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SDM. However, they can serve as a foundational resource for 
integrating external data, such as climate variables, habitat in-
formation, or land cover data, to improve predictive modelling.

All datasets presented in this paper are openly accessible and 
can be downloaded in CSV format. Dataset sources and access 
links are listed in the bibliography.

Dataset [1] (Sheehan and Wever-Grullon 2021) contains occur-
rence records of monarch butterflies in North America, col-
lected by community scientists as part of a long-term science 
programme initiated in 1996. Observers do not follow a stan-
dardised sampling protocol, nor do they conduct observations at 
fixed times or intervals, which may affect data quality. The data-
set also provides links to the photograph, through which sight-
ings are submitted. Next to butterflies, the dataset also includes 
sightings of milkweed, monarch eggs, larva and roost sightings. 
Dataset [2] (Koch 2021) documents Bombus abundance across 
the United States and was developed as part of a large-scale stan-
dardised survey of insect pollinators. The reason for the creation 
of this dataset was to document the decline and conservation 
status of Bombus species. It is the only dataset in this review that 
includes additional variables such as elevation, insect sex caste 
and host plant. Dataset [3] (Droege and Maffei 2023) aggregates 
data from numerous projects focused on bees and wasps across 
North America. Next to bees and wasps, it also includes other 
species like moths, butterflies, ants and more which are often 
collected during bee and wasp sampling. In some cases, obser-
vations include notes on the flower or substrate from which the 
species were collected. To validate the observations, each entry 
has been reviewed by project managers. Most public datasets 
on disease vectors focus on various mosquito species, including 
dataset [4] (Versteirt et  al.  2022). The dataset stems from the 
Belgian project Modirisk by the Institute of Tropical Medicine 

studying and monitoring mosquitoes in Belgium due to the re-
emergence of vector-borne diseases in Europe. With the data-
set, the project aimed to predict changes in the biodiversity of 
mosquitoes to analyse the risk of diseases. The samples were 
taken using bait traps on corine land cover, urban nature and 
agriculture areas. All samples were double-checked to ensure 
data quality control. Dataset [5] (Mosquito Alert 2022) consists 
of data collected through the citizen science system Mosquito 
Alert. Each record includes a photograph and, if it concerns one 
of the five target mosquito species, is validated by four indepen-
dent entomological experts. The project aims to serve as an early 
warning system for the detection of species potentially carrying 
vector-borne diseases. Dataset [6] (Shimabukuro et al. 2024) con-
tains observations of sand flies in the Sāo Paulo region of Brazil. 
The dataset compiles existing data on sand flies to support un-
derstanding of the distribution of American cutaneous leish-
maniasis in the region. It was created to be used for data analysis 
using GIS software. It has a total of 1164 entries, 400 of these 
entries include individual count data. The entries are recorded 
from over 200 unique locations, and data sources include ento-
mological collections in museums and health departments, and 
scientific publications. The first dataset [7] (Royal Horticultural 
Society  2023) on pest management consists of observations of 
the box tree moth in the UK by the Royal Horticultural Society. 
The dataset contains 36,480 entries, with the highest number re-
corded in 2021 (7268 entries). All records have been verified by 
entomologists. Another dataset [8] (Lock et al. 2021) covers true 
bugs (Hemiptera) occurrences in Belgium, specifically Flanders 
and the Brussels Capital Region. These northern Belgian regions 
are characterised by a mix of agricultural land and urban areas. 
590 different species were submitted by volunteers, mainly since 
2008. In 2018, the highest number of observations was submit-
ted, totalling 21,455 entries. Next to the coordinates, the state 
of the entry is noted, which allows for tests on smaller scales, 

TABLE 7    |    Summary of datasets on insect occurrence data.

Main species Features Application Area Entries Time frame

[1] Monarch butterfly Counts Study of monarch 
migration phenology

North America 138,715 1996–present

[2] Bombus Counts, elevation, 
sex, caste, host plant

Standardised survey 
of bee pollinators

USA 10,211 2007–2010

[3] Bees and wasps Counts, flower/
substrate, habitat, 
trap information

Aggregation of 
occurrence data

USA 530,000 1990–2019

[4] Mosquito Counts, habitat, 
breeding site, 

water presence

Studying biodiversity 
and monitoring changes

Belgium 2346 2007–2011

[5] Mosquito Observations Vector monitoring, 
warning system

Europe 37,828 2014–2024

[6] Sand Flies Counts Data analysis with 
GIS software

São Paulo, Brazil 1164 2000–2007

[7] Box tree moths Observations, 
observation type

Pest monitoring England 36,480 2005–2021

[8] True bugs Counts Biodiversity analysis Flanders, Brussels 
(Belgium)

96,249 2008–2018
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although the data is aggregated to 5 × 5 km grid cells. An addi-
tional source of insect data is the iNaturalist database, which 
compiles volunteer-submitted observations. For example, it in-
cludes 14,505 observations of the cotton bollworm, 12,943 ob-
servations of the Colorado potato beetle and 57,960 observations 
of the gypsy moth—species also covered in Section 2.3. The data 
is collected globally, and each entry includes geographic coor-
dinates. With a free account, users can download the data as a 
CSV file for further analysis (iNaturalist 2024).

4   |   Discussion

This study offers a comprehensive review and practical guidance 
on the application of spatial interpolation methods in insect ecol-
ogy, with a particular emphasis on their relevance for ecological 
monitoring and pest management. The findings show that a 
wide variety of models are used across applications, including 
both univariate and multivariate kriging approaches, as well as 
various SDMs. Geostatistical techniques such as kriging have 
proven effective in modelling species distributions (Sciarretta 
and Trematerra 2014), though their accuracy strongly depends 
on data quality and sampling density (Webster and Oliver 2007). 
While useful, non-geostatistical methods often face challenges 
in capturing large-scale ecological complexities, highlighting a 
key area for improvement (Cressie 2015). A key takeaway of this 
review is the importance of comparing models before selecting 
an interpolation method. Even when using the same kriging 
method, such as OK, the choice of semivariogram models can 
determine whether spatial correlation is detected in the data 
(Park and Obrycki 2004). While these methods offer consider-
able practical utility, several challenges remain. The need for 
high-quality data and extensive sampling presents substantial 
costs and a key barrier to broader application in real-world con-
texts (Wen et  al.  2009). This limitation could be partially ad-
dressed as sustainable agriculture and organic farming become 
more prominent (Sciarretta and Trematerra  2014). Moreover, 
current models often struggle to capture complex non-linear 
environmental interactions, indicating a need for further refine-
ment to enhance predictive accuracy across diverse landscapes 
(Ballesteros-Mejia et al. 2013).

Emerging advances in artificial intelligence, machine learning 
(Du et  al.  2020) and remote sensing (Comber and Zeng  2019) 
are poised to significantly influence the field of spatial inter-
polation. Although not yet widely established in entomology, 
these technologies offer promising avenues for improving spa-
tial interpolation. For instance, various hybrid approaches 
combining machine learning and kriging have been proposed, 
including RK, kriging convolutional networks and neural net-
work residual kriging (Zhu and Lin 2010; Appleby et al. 2020; 
Seo et al. 2015). These methods can improve predictions when 
spatial structures are not evident from point-based observations 
or when strong correlations exist between the target and sec-
ondary variables (Zhu and Lin  2010). Additionally, they han-
dle large datasets more efficiently, accommodate diverse data 
distributions compared to conventional kriging, and perform 
well in contexts where spatial relationships are influenced by 
complex non-linear factors (Seo et al. 2015). However, these hy-
brid models often require greater computational resources and 
involve more parameters, which can make them more sensitive 

and challenging to optimise (Appleby et al. 2020). Furthermore, 
entirely machine learning-based spatial interpolation methods 
have recently emerged. These include conditional generative ad-
versarial neural networks (Zhu et al. 2020), random forest spa-
tial interpolation (Sekulić et al. 2020), a RFs variant that mimics 
kriging by incorporating spatial observations and distances from 
neighbouring points as covariates, and support vector machines 
(Du et al. 2020). These models can be transferred to entirely new 
datasets after training—an advantage not typically offered by 
kriging (Zhu et al. 2020). They also process data more efficiently 
and offer greater scalability (Sekulić et al. 2020). On the other 
hand, these machine learning approaches require a lot of train-
ing data, and the training process is complex, given that it also 
includes numerous parameters that must be defined. Moreover, 
non-uniform or random sampling strategies can reduce model 
performance (Du et al. 2020; Zhu et al. 2020). These technolo-
gies have the potential to reduce the need for extensive sampling 
while simultaneously enabling more accurate and dynamic eco-
logical modelling (Chilès and Desassis 2018). Furthermore, in-
corporating spatio-temporal models could enhance the accuracy 
of predictions regarding insect population dynamics—crucial 
for addressing biodiversity loss and pest control in the face of 
climate change (Makori et al. 2017). In summary, although cur-
rent spatial interpolation tools in insect ecology are robust, fu-
ture advancements will likely favour more adaptive, data-driven 
models. Such advancements hold promise for significantly im-
proving ecological monitoring and enabling more effective con-
servation and pest management strategies (Hengl 2007).
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