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Abstract

The cotton mealybug, Phenacoccus solenopsis (Hemiptera: Pseudococcidae), is a highly invasive pest that poses serious
threats to ornamental plants in urban green spaces. This study aimed to determine the spatial distribution pattern of P.
solenopsis populations on Chinese hibiscus (Hibiscus rosa-sinensis L.) in Dezful, southwestern Iran, during 20242025
using geostatistical methods. A total of 30 hibiscus plants were sampled in two urban areas, and nymph and adult
mealybug densities were recorded bimonthly. Geostatistical analyses including variogram modeling and kriging were
applied to characterize spatial dependence and generate distribution maps. Results showed that the population of P.
solenopsis exhibited an aggregated distribution with strong spatial dependence (DD = 0.70-0.99). Exponential and
spherical models provided the best fit to the data, with effective ranges varying between 20 and 200 m. Kriging maps
revealed distinct hotspots of infestation across the study sites. These findings highlight the efficiency of geostatistical tools
for predicting pest distribution and identifying high-risk areas. The study demonstrates that integrating spatial analysis
into monitoring programs can optimize sampling design, reduce costs, and improve site-specific management strategies
for P. solenopsis in urban green spaces.
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Introduction

The Chinese hibiscus, Hibiscus rosa-sinensis L.
(Malvaceae), is a perennial ornamental shrub of global
horticultural significance, prized for its vibrant flowers
and widespread cultivation in tropical and subtropical
urban landscapes, including those in Iran's Khuzestan
Province. Beyond its aesthetic value, this species
possesses considerable medicinal importance, featuring
prominently in traditional herbal practices (Khristi &
Patel, 2016). However, the health and ornamental
quality of H. rosa-sinensis are increasingly
compromised by infestations of the cotton mealybug,
Phenacoccus  solenopsis  Tinsley  (Hemiptera:
Pseudococcidae). P. solenopsis is a highly invasive and
polyphagous pest, with a documented host range
exceeding 200 plant species (Fand & Suroshe, 2015).
Urban environments, characterized by high plant
density, moderated microclimates, and environmental
stressors, provide ideal conditions for its proliferation
(Boushi et al., 2022). The pest inflicts both direct and
indirect damage: direct sap-feeding stunts growth,
reduces vigor, and can cause plant mortality, while the
excretion of honeydew promotes sooty mold growth,
which impairs photosynthesis and diminishes aesthetic
value (Dhawan et al., 2009; Nagrare et al., 2011). The
threat posed by P. solenopsis is projected to intensify
under climate change, necessitating the development of
robust monitoring and management protocols (Boushi et
al., 2022; 2025).

A foundational step in devising such strategies is a
precise understanding of the pest's spatial distribution.
Geostatistics provides a powerful analytical framework
for this purpose, enabling the quantification and
modeling of spatial continuity in ecological data
(Liebhold et al., 1993). The core of this methodology
involves variography and kriging. The semi-variogram,
a fundamental tool, quantifies spatial autocorrelation by
modeling the variance between sample points as a
function of the distance that separates them (Isaaks &
Srivastava, 1989). It is calculated as:

N(h)

1 Z [z(xi) — z(xi + h)]?

y(h) :T(h)

where y(h) is the semivariance at lag distance h, N(h)
is the number of sample pairs separated by h, and z(xi)
is the measured value at location xi.

This modeled spatial structure then informs kriging,
an optimal interpolation technique that provides
unbiased, minimum-variance estimates of values at

unsampled locations, ultimately generating predictive
distribution maps (Goovaerts, 1998). The accuracy of
kriging is contingent upon the strength of spatial
dependence, a property derived from the variogram
model (e.g., spherical, exponential), which is frequently
observed in insect population studies (Liebhold et al.,
1993).

A number of researchers have utilized geostatistical
approaches to investigate the spatial distribution
patterns of insects. For example, Ghahremani et al.
(2023) examined the distribution of aphids and lady
beetles in alfalfa fields in Karaj, employing
geostatistical analysis to assess their degree of spatial
dependence. The obtained degree of spatial dependence
(DD) exceeded 50%, indicating an aggregated
distribution pattern. Similarly, Shayestehmehr (2014)
studied the spatio-temporal relationships between the
spotted alfalfa aphid (Therioaphis maculata Buckton)
and the seven-spotted lady beetle (Coccinella
septempunctata) in alfalfa fields of Hamedan, reporting
aggregated distributions for both species. This
application extends to predator-prey dynamics in other
systems, as demonstrated by Park and Obrycki (2004),
who used geostatistics to reveal a strong spatio-temporal
concordance between corn leaf aphids and lady beetles
in corn fields. Beyond mapping current infestations, the
method's predictive capacity is evidenced by its use in
forecasting pest emergence; Park and Telfson (2005)
successfully employed kriging to model the spatial
pattern of corn rootworm emergence, facilitating the
potential for targeted preemptive management. The
foundational importance of a well-defined spatial
structure for such analyses is paramount, a principle
underscored by Utset et al. (1998), who established that
sampling intervals based on variogram ranges are
critical for accurate spatial mapping. In the United
States, Wright et al. (2002) analyzed the spatial
distribution and damage intensity of the European corn
borer, Ostrinia nubilalis (Hibner, 1796), using
geostatistical methods, providing estimates of patch
effect, range, and sill for various sampling periods.
Likewise, Garcia et al. (2017) investigated the spatial
distribution of fruit fly species (Anastrepha spp.) in an
urban area containing forested patches, identifying their
spatial distribution patterns and concluding that
geostatistics offers an effective tool for sampling design
and management of fruit fly populations. More recently,
geospatial technologies have been increasingly
integrated with geostatistical approaches for monitoring
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sap-sucking pests. For example, Lacerda Lemoset et
al.,(2024) applied geotechnologies, including GIS,
geostatistical interpolation, and remotely sensed
vegetation indices, to investigate the spatial and
temporal dynamics of mealybug infestations in black
pepper plantations in southern Bahia, Brazil. Their
results demonstrated that spatial prediction maps
derived from kriging effectively identified infestation
hotspots and supported site-specific pest management.
Similarly, Soares et al. (2020) analyzed the
spatiotemporal dynamics of the green peach aphid,
Myzus persicae, in bell pepper fields using geostatistical
techniques and showed that pest populations exhibited
distinct spatial aggregation patterns that could be
exploited for targeted monitoring and integrated pest
management. In another study, Garcia et al. (2017)
employed geostatistical analyses to characterize the
spatial distribution of fruit flies (Anastrepha spp.) in
urban landscapes, concluding that spatial prediction
models are valuable tools for optimizing sampling
strategies and improving pest management decisions
across heterogeneous environments.

Given the escalating impact of P. solenopsis on urban
greenery, this study employs a geostatistical approach to
characterize its spatial population structure within the
urban green spaces of Dezful. The resulting distribution
maps are intended to elucidate infestation patterns and
provide a scientific basis for implementing site-specific
Integrated Pest Management (IPM), thereby promoting
more precise and sustainable pest control.

Materials and Methods

This study was conducted during 2024-2025 in the
urban green spaces of Dezful, located in southwestern
Iran. To monitor the population density of the cotton
mealybug, Phenacoccus solenopsis, on ornamental
plants, 30 Chinese hibiscus (Hibiscus rosa-sinensis)
plants were selected from two areas within the city.
Adult and nymphal mealybugs were counted and
recorded twice per month on each plant throughout the
study period. The geographical coordinates (longitude
and latitude in meters) of each sampling plant were
determined using GPS and remained unchanged during
the entire sampling period. For statistical analysis,
Microsoft Excel 2013, SPSS version 19, and GS+
version 5.1 were used. The normality of the data for each
sampling date was evaluated using the Kolmogorov—
Smirnov test. When the data did not meet the

assumption of normality, appropriate transformations
(e.g., reciprocal transformation) were applied before
geostatistical analysis. Geostatistical analysis was then
performed separately for each sampling date to
characterize the spatial distribution of the mealybug
population across the study area. Experimental
semivariograms were calculated based on the
geographical coordinates and mealybug density at each
sampling point, and several theoretical models (e.g.,
spherical, exponential, and Gaussian) were fitted to the
data. The model providing the highest coefficient of
determination (R? and the lowest residual sum of
squares (RSS) was selected as the best-fitting model.
The selected semivariogram model was subsequently
used for ordinary kriging interpolation to generate
spatial distribution maps of P. solenopsis population
density. From the best-fitted semivariogram, the nugget
effect (Co), sill (Co + C), and range were extracted to
describe the spatial structure of the population. The
degree of spatial dependence (DD) was calculated using
the following equation:

C
bD = (m) 100

where Co is the nugget effect, C is the structural
variance, and Co + C represents the sill of the
semivariogram. According to Karimzadeh et al. (2011),
DD values of <25% indicate weak spatial dependence,
25-75% indicate moderate spatial dependence, and
>75% indicate strong spatial dependence. Finally,
kriging interpolation maps were produced to visualize
the spatial distribution and identify infestation hotspots
of P. solenopsis within the urban green spaces.

Results

The results of the geostatistical analyses are
summarized in Table 1, with the corresponding kriging
maps presented in Figure 1. Variogram modeling
indicated that the spatial distribution of Phenacoccus
solenopsis populations was best explained by the
exponential model on 10 sampling dates and by the
spherical model on seven dates. Nugget-to-sill ratios
were consistently low, indicating strong spatial
dependence throughout the sampling period. The
Degree of Dependence (DD) ranged from 0.70 to 0.99,
confirming a highly aggregated spatial distribution
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pattern. The effective range, which defines the spatial
radius of autocorrelation in mealybug counts, varied
between 20 and 200 m, suggesting fluctuations in the
scale of population aggregation across sampling dates.
Model robustness was supported by coefficients of
determination (R?) ranging from 0.60 to 0.96 (Table 1).
The kriging maps provided a visual representation of

these results (Figure 1), revealing clear and persistent
hotspots of infestation across the urban green spaces of
Dezful. These maps highlighted localized areas of high
mealybug density surrounded by regions of lower
infestation, thereby confirming the aggregated nature of
population distribution detected by the statistical
models.

Table 1. Geostatistical characteristics of Phenacoccus solenopsis population in the landscape of Dezfoul County.

. . Effective o 2
Sampling date Model nugget Sill range (m) DD (%) R
. Exponential 1.7 10.7 102.2 0.833 0.78
25 April 2024
9 May, 2024 Exponential 16 11.3 105.6 0.859 0.73
Exponential 3.1 111 190.4 0.716 0.79
24 May, 2024
Exponential 2.4 8.3 20.9 0.708 0.89
6 June, 2024
Exponential 35 11.3 160.8 0.690 0.79
20 June, 2024
4 3uly, 2024 Exponential 2.1 10.6 120.9 0.803 0.89
Exponential 0.01 10.9 127.2 0.999 0.90
18 July, 2024
2 August,2024 Spherical 2.6 111 142.9 0.763 0.63
Spherical 2.2 144 185.8 0.845 0.90
16 August, 2024 P
Spherical 1.0 121 1237 0.911 0.86
30 August, 2024
Spherical 0.1 111 100.6 0.987 0.90
13 Sep., 2024 P
27 Sep., 2024 Exponential 1.0 10.0 100.7 0.892 0.89
25 Oct.,2024 Spherical 0.2 12.1 190.1 0.976 0.82
8 Nov., 2024 Spherical 1.0 111 123.2 0.89 0.93
22 Nov., 2024 Exponential 1.9 10.19 146.23 0.86 0.89
7 Dec., 2024 Spherical 0.01 13.2 200.5 0.999 0.96

50 238 42.5 61.3 80.0

5.0 238 425 613 80.0
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Figure 1. Kriging interpolation maps illustrating the spatio-temporal distribution and density hotspotsc of Phenacoccus solenopsis populations on

Hibiscus rosa-sinensis in the urban green spaces of Dezful, Iran. Sampling dates: (A) 7 Dec. 2024; (B) 22 Nov. 2024; (C) 8 Nov. 2024; (D) 25 Oct.

2024; (E) 11 Oct. 2024; (F) 27 Sep. 2024; (G) 13 Sep. 2024; (H) 30 Aug. 2024; (1) 16 Aug. 2024; (J) 2 Aug. 2024; (K) 18 Jul. 2024; (L) 4 Jul. 2024;
(M) 20 Jun. 2024; (N) 6 Jun. 2024; (O) 24 May 2024; (P) 9 May 2024; (Q) 25 Apr. 2024.
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Discussion

This study provides clear evidence that P. solenopsis
populations in the urban landscape of Dezful exhibit a
strongly aggregated spatial distribution. Such
clustering is consistent with the spatial ecology of
many insect pests, reflecting the influence of
heterogeneous environmental factors on population
dynamics (Liebhold et al., 1993). Similar aggregated
patterns have been reported for gypsy moth egg
masses (Liebhold et al., 1993), root weevils in alfalfa
(Karimzadeh et al., 2015), and several aphid species
(Mohiseni et al., 2007), as well as fruit flies in urban
forest fragments (Garcia et al., 2017). Furthermore,
the application of geostatistics to predator-prey
systems, as demonstrated by Park and Obrycki (2004)
with corn leaf aphids and lady beetles, confirms that
such aggregation is a fundamental ecological pattern
that can be precisely quantified. exponential and
spherical models provided the best description of
spatial  dependence, aligning with  previous
geostatistical studies on insects (Ellsbury et al., 1998;
Garcia et al., 2017). These models are particularly
effective at capturing the gradual increase in variance
with distance, a common property of biological
systems. However, the persistent non-zero nugget
values observed in this study suggest the presence of
unexplained variance at scales smaller than the
sampling interval. Such micro-scale variation may
result from patchy distribution of suitable
microhabitats within hibiscus plants (e.g., leaf axils,
plant age), the influence of natural enemies, or
potential sampling error (Liebhold et al., 1993; Boushi
et al., 2025). The effective ranges, which varied from
20 to 200 m, have important implications for
monitoring and pest management. Shorter ranges
indicate localized clustering, likely driven by limited

crawler dispersal or isolated heavily infested plants,

while longer ranges may reflect broader dispersal
facilitated by wind, human activity, or gradual
population expansion. These findings are in line with
Utset et al. (1998), who established that sampling
intervals should not exceed 75% of the effective range
to ensure accurate spatial characterization. Based on
our results, effective monitoring of P. solenopsis
requires a flexible grid system with intervals between
15 and 150 m, adjusted according to population
density and seasonal dynamics. This approach aligns
with the predictive framework of Park and Telfson
(2005), who used similar spatial parameters to forecast
corn rootworm emergence hotspots, demonstrating
how range analysis directly informs proactive
management. Kriging maps provided a visual
confirmation of statistical results and served as a
valuable decision-support tool. By identifying clear
hotspots of infestation, these maps enable a transition
from broad, calendar-based pesticide applications to
site-specific Integrated Pest Management (IPM).
Concentrating monitoring and control efforts—such as
targeted insecticide sprays, releases of biological
control agents like Cryptolaemus montrouzieri, or
horticultural oil treatments—within high-risk areas
can enhance control efficacy while reducing
management costs, pesticide use, and non-target
impacts (Reay-Jones, 2012; Rijal et al., 2014).Despite
these advances, high nugget variance may limit the
accuracy of kriging predictions (Rendu, 1981). This
limitation highlights the need for denser sampling in
areas of high variability and for incorporating
ecological covariates into spatial models. Factors such
as host plant vigor, ant activity, and microclimatic
variation likely play significant roles in shaping
mealybug aggregation and should be integrated into
future geostatistical analyses. Overall, our findings

confirm that geostatistical methods provide robust and
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practical tools for understanding pest spatial ecology,
optimizing monitoring networks, and supporting
precision IPM programs. By combining spatial
analysis with ecological insights, pest management
strategies can become more sustainable, efficient, and
environmentally sound. In conclusion, the strongly
aggregated distribution of P. solenopsis populations in
Dezful's urban greenspaces underscores the high value
of geostatistics and GIS in modern pest management.
The methodology moves beyond simple density
estimates to reveal the underlying spatial structure of
infestations, providing a scientific basis for optimizing
sampling design and implementing targeted control.
The kriging maps offer a clear visual guide for
proactive intervention. Future efforts to combine these
spatial models with detailed ecological data will
further enhance the predictive power and practical
application of IPM strategies, safeguarding the health
and aesthetic value of urban landscapes against this

invasive pest.
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