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Spatial mapping of soil chemical properties using multivariate geostatistics.
A study from cropland in eastern Croatia

Prostorno mapiranje kemijskih svojstava tla koristeci multivarijatnu
geostatistiku. Studija s oranicnih tala u isto¢noj Hrvatskoj
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ABSTRACT
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The spatial variability of soil chemical properties is affected by factors of soil formation and human activities.
Understanding their spatial variability will improve agricultural production, reduce environmental problems (e.g., soil
pollution, offsite effects), and achieve sustainable agroecosystems. The main objective was to study the spatial variability
of pH, soil organic matter, available phosphorus, and available potassium using univariate and multivariate methods in
cropland fields in eastern Croatia. For the study, 169 (0-30 cm) soil samples were collected in a 911 ha study area. The
results showed that soils had slightly acidic pH, adequate available phosphorus and potassium values for crop production,
and low soil organic matter concentration. The variability was high in available phosphorus and low in pH. Soil pH, soil
organic matter, available phosphorus, and potassium nugget/sill ratio was 0.00, 2.79, 18.68, and 22.08, respectively.
Auxiliary variables increased the accuracy of the predictions. Soil organic matter levels were below the recommendable,
and this is very likely an anthropogenic effect, even though the intrinsic process influences soil organic matter. The
heterogeneous distribution of phosphorus and potassium highlighted the necessity of fertilization in some areas. For the
sustainability of agroecosystems, adaptable site-specific soil management strategies need to be implemented.

Keywords: auxiliary data, Co-kriging, nutrient maps, land management, spatial variability

SAZETAK

Prostorna varijabilnost kemijskih svojstava tla uvjetovana je pedogenetskim ¢imbenicima i ljudskom aktivhos$éu.
Razumijevanje prostorne varijabilnosti poboljsati ¢e poljoprivrednu proizvodnju, smanjiti okoliSne probleme (npr.
zagadenje tla, off-site ucinci), i posti¢i odrZivost agroekosustava. Glavni cilj rada je istraZivanje prostorne varijabilnosti
pH, organske tvari i biljci pristupac¢nog fosfora i kalija, koristeci univarijatne i multivarijatne metode na orani¢nim tlima u
isto¢noj Hrvatskoj. Za rad je prikupljeno 169 (0-30 cm) uzoraka tla s povrsine od 911 ha. Rezultati pokazuju da su tla blago
kisela, adekvatnog sadrzaja biljci pristupacnog fosfora i kalija za biljnu proizvodnju i niskog sadrzaja organske tvari tla.
Varijabilnost je visoka kod biljci pristupacnog fosfora i niska kod pH tla. pH tla, organska tvar te biljci pristupacan fosfor
i kalij imaju nuget/sill omjer 0.00, 2.79, 18.68, i 22.08. Pomoc¢ni podaci povecali su preciznost predikcije. Identificiran je
sadrZaj organske tvari tla ispod preporucljive razine i to vrlo vjerojatno radi antropogenog utjecaja, iako i pedogenetska
svojstva utje¢u na organsku tvar tla. Heterogena distribucija fosfora i kalija istaknula je nuznost za gnojidbom u nekim
podrucjima. Za odrzivost agroekosustava potrebno je provesti prilagodljive strategije koriStenja i upravljanja tlima na
svakoj pojedinoj lokaciji.

Klju¢ne rijeci: pomoc¢ni podaci, Co-kriging, karte hraniva, gospodarenje tlom, prostorna varijabilnost

JOURNAL 201

Central European Agriculture
ISSN 1332-9049


https://doi.org/10.5513/JCEA01/22.1.3011

Original scientific paper

DOI: /10.5513/JCEA01/22.1.3011

Bogunovic et al.: Spatial mapping of soil chemical properties using multivariate geostatistics....

INTRODUCTION

Soils are essential for life and provide many vital
services to sustain humanity (Brevik et al., 2015; Pereira
et al., 2018). Unsustainable soil practices decrease
the soil organic matter (SOM), structure deterioration,
compaction, erosion, and chemical degradation (Lorenz et
al., 2019). Soil degradation is a natural process; however,
human activities such as agriculture increase this process,
regardless of climate and soil types. In this context,
Keesstra et al. (2016) highlighted that UN Sustainable
Development Goals (SDGs) should consider adopting
innovative forms of precision agriculture to increase
efficiency, build resilience and mitigate the impacts of
agriculture. Nutrient management is vital to increase soil
productivity and reduce vyield variability in vulnerable
environments (Bruelle et al., 2015).

Geostatistics is one of the most used tools to study soil
properties' spatial variability, especially where there are a
limited number of samples (Websterand Oliver, 2007). Soil
nutrient maps offer a vast number of advantages, such as
identifying areas with a lack of nutrients or overfertilized.
This allows identifying problems associated with crop
production and pollution of surface and groundwater (Fu
et al.,, 2010; Libutti and Monteleone, 2017). Maps also
allow having a deeper understanding of the soil spatial
variability. Nutrients distribution is controlled by parent
material, topography, climate, vegetation, time, and
anthropogenic activities. Previous works highlighted
that croplands' soil chemical properties have high spatial
variability (e.g., Bogunovic et al., 2014; Schillachi et al.,
2017). Other works investigated the spatial variability
of soil pH, SOM, phosphorus, potassium, and their
impacts on crop performance (e.g., Behera and Shukla,
2015; Reza et al., 2017). These works contributed to
understanding the link between soil status and crop yield.
Nevertheless, the accuracy of the predictions depends
on data availability and the usage of auxiliary variables
to estimate soil properties. The application of univariate
methods may limit the precision of the soil properties
estimation (Bogunovic et al., 2018). Therefore, the use
of auxiliary variables (e.g., as in co-kriging analyses) is

an advantage to estimate a determined soil property.
Usually, if the variable of interest is related to others, it
is an indication that the auxiliary variables may increase
the accuracy of the spatial prediction of the estimated
variable (Lipiec and Usowicz, 2018). Co-kriging (CoK)
is the method that allows the incorporation of auxiliary
variables and is widely used in soil science. Although
several studies showed the advantages of CoK over
univariate techniques (e.g., ordinary kriging) (Chen et al.,
2016), the inverse was observed as well (e.g., Ceddia et
al., 2015). The CoK lack of improvement is due to the
absence of a correlation between the estimated and
auxiliary variable(s). For correcting land management, it
is crucial to have accurate maps, especially from critical
variables for crop production such as soil pH, SOM,
available phosphorus (AP), and potassium (AK). This
work aimed to study the spatial distribution of soil pH,
SOM, AP, and AK in cropland located in eastern Croatia.
The specific objectives were to (1) identify the relation
between the studied variables and characterize their
spatial distribution, (2) Identify the most accurate method
(univariate or multivariate geostatistical technique) to
predict the spatial variability of the studied variables and,
(3) propose the use of most accurate produced maps
of soil properties for guiding sustainable site-specific

management practices.
MATERIALS AND METHODS

Study area

The study area is located in eastern Croatia at 45°
46' N and 18° 30' E and 90 - 92 m a.s.l. in a rural/forest
interface area (Figure 1). The topography is flat with
a maximum elevation of 100 m a.s.l. The land use is
cropland. The climate is moderate continental, classified
as Cfwbx, according to Koéppen (Kottek et al., 2006);
summers are warm and sunny, and winters are cold and
snowy. The average annual precipitation (1980 - 2018) is
677.9 mm, ranging from a minimum of 317.0 mm (2000)
to a maximum of 1038.2 mm (2010). Rainfall is the
highest from June and May and the lowest from January
to March. The mean annual temperature is 11.5 °C.
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Figure 1. Study location and samples distribution
Slika 1. Mjesto istrazivanja i distribucija uzoraka

January is the coldest month (0.1 °C) and July the
warmest (22.2 °C). The parent material is Loess, and soils
are clay loam textured, classified as Cambisols (IUSS WRB
2015).

Sampling design and laboratory analyses

Soil sampling was carried out in July 2011 in the
field of 911 ha (Figure 1). Soil samples (0-30 cm) were
taken (a total of 169) in a 225 m x 225 m grid. A Trimble
GeoXH 6000 GPS with 10 cm accuracy was used to
georeferenced the soil sampling point. Each soil sample
is composed of subsamples taken from 17 to 20 points.
Samples were homogenized in order to represent an
area of 5 ha. Individual samples were mixed and taken
to the laboratory for analysis. In the laboratory, samples
were air-dried, milled, and sieved (<2 mm mesh). Soil pH
was measured at a ratio of 1:5 (w/v) in a KCl suspension,
following the electrometric method, using pH meter

(Beckman ®72). SOM content was determined by the
method of Walkley and Black (1934). Ammonium lactate
solution was used for AP and AK extraction (Egnér et
al., 1960), followed by spectrophotometric and flame
photometric analyses, respectively.

Statistical and geostatistical analysis

Before the analysis, data were checked for normality
using the Kolmogorov-Smirnov (K-S) test. If the K-S
test had a P>0.05, data was considered normal. If data
was not normal, it was transformed by applying the
most common transformation methods: logarithmic
(log) and Box-Cox (BC). Data normalization is crucial to
avoid errors in the geostatistical analysis (Pereira et al.,
2015). Using the normalized data, a Pearson correlation
coefficient was applied among the studied variables.
Significant correlations were considered at a P<0.05.

Statistical analyses were carried out with Statistica
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12.0 for Windows. The geostatistical analysis starts
with data error detection, local and global outliers,
and the presence of non-stationary spatial data using
moving window statistics and the interactive analysis
of the variogram cloud. Secondly, the spatial continuity
structure of soil pH, SOM, AP, and AK was characterized
using experimental variograms to detect anisotropies
(Hengl et al., 2004). The experimental model results
were fitted with different theoretical methods to find the
most appropriate. Semivariance was calculate using 12
lags and a maximum lag distance of 250 m. In this study,
the modeled semivariograms are unidirectional. Variable
spatial dependence was assessed by measuring the
nugget/sill ratio, according to Cambardella et al. (1994):
0-25% - high spatial dependence; 25-75% - moderate
spatial dependence and >75% - low spatial dependence.
Ordinary kriging (OK) and co-kriging (CoK) was used
to map soil pH, SOM, AP, and AK. OK is a widely used
interpolation technique that estimates the values at un-
sampled locations by a weighted averaging of nearby
samples. CoK is a method more advanced than OK and
allows incorporating auxiliary information (Goovaerts,
1998). Usually, CoK has a good estimation performance
of the target variable using spatially exhaustive auxiliary
information. The success of CoK depends on the
correlation between modeled variables, the spatial
continuity of the attributes, and the proper sampling
strategy of the variables (Goovaerts, 1998). In this work,
an isotopic CoK technique was used. This means that
estimations on the un-sampled location are created
using primary and secondary variables derived from one
sampling point (in this study, correlated parameters from
the same soil samples). Here the variables as auxiliary
were considered significantly correlated (P<0.05) with
the estimated variable. The interpolations' accuracy was
carried out using the cross-validation method, which
compares predicted values with the estimated values.
The difference between the observed and the estimated
represents the error of interpolation. Cross-validation
calculates the mean error (ME), and the root means
square error (RMSE). The determination of the most
accurate technique following the approach described in

Bogunovic et al. (2018), where the relative improvement
(RI) is calculated to obtain the difference of percentage of
prediction accuracy between CoK and OK. All the spatial

analyses were carried out using ArcGIS 10.1.
RESULTS

Descriptive statistics

Mean pH and SOM contents were 5.64 and 1.72%,
while mean AP and AK were 189 mg/kg and 237 mg/
kg, respectively. The coefficient of variation (CV) was the
highest for AP (31.4%) and the lowest for pH (15.2%).
The original values of all studied properties were highly
skewed (Table 1) and did not follow the Gaussian
distribution. After trying different transformations, Box-
Cox transformation provided the closest distributions
to Gaussian with corrected skewness, and it was used
for correlation and spatial modeling analysis, as in the
previous works (Pereira et al. 2015). Pearson correlation
coefficient results are shown in Table 2. Soil pH was
significantly positively correlated with SOM and AP.
SOM was also significantly positively correlated with AK.
Finally, soil AP was significantly positively correlated with
AK. No significant correlations were observed between
soil pH and AK and between SOM and AP.

Semivariogram analysis and mapping soil properties

The exponential model was the best fitted for pH,
SOM, and AK experimental variograms, while the AP
experimental variogram was best fitted with the spherical
model. The nugget effect in soil pH was not observed.
However, it was identified in the other variables. In all
cases, the spatial dependence was < 25%. It was lower in
pH and SOM (0.00% and 2.79%) than AP and AK (18.68%
and 22.08%). A similar pattern was identified in the
spatial correlation. The range was lower in pH and SOM
than in AP and AK (Fig. 2). The geostatistical techniques
tested for pH, SOM, AP, and AK are shown in Table 3.
The most accurate method to estimate pH was using AP
as an auxiliary variable. The best predictor of SOM was
AK. AK was the best predictor of AP, and AP was the best
predictor for AK.
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Table 1. Descriptive statistics of soil pH, organic matter (SOM), available phosphorus (AP), and available potassium (AK). Min -
minimum, Max - maximum, CV - coefficient of variability, K-S p - Kolmogorov - Smirnoff p-value

Tablica 1. Deskriptivna statistika za pH, organsku tvar (SOM), pristupacan fosfor (AP) i pristupacan kalij (AK). Min - minimum,
Max - maksimum, CV - koeficijent varijacije, K-S p - Kolmogorov - Smirnoff p vrijednost

Mean Median Min Max Range CV % Kurtosis Skewness  K-Sp

pH Original data 5.64 5.42 4.20 7.52 3.32 15.2 -0.94 0.42 P<0.05
Box Cox 0.89 0.89 0.82 0.95 0.13 3.8 -1.07 0.05 P>0.20
Log-transformed data 0.75 0.73 0.62 0.88 0.25 8.7 -1.06 0.22 P<0.20

SOM  Original data 1.72 1.65 1.29 4.65 3.36 19.8 35.96 4.82 P<0.01
Box Cox 0.29 0.29 0.19 0.40 0.21 12.3 0.51 -0.05 P>0.20
Log-transformed data 0.23 0.22 0.11 0.67 0.56 29.3 12.27 2.43 P<0.05

AP Original data 189 178 84 399 315 314 1.77 1.08 P<0.15
Box Cox 3.99 3.98 3.53 4.43 0.89 4.4 0.06 0.00 P>0.20
Log-transformed data 2.26 2.25 1.92 2.60 0.68 5.8 0.09 0.10 P>0.20

AK  Original data 237 230 158 471 313 19.3 4.97 1.65 P<0.01
Box Cox 0.99 0.99 0.99 0.99 0.004 0.07 0.73 -0.04 P<0.05
Log-transformed data 2.37 2.36 2.20 2.67 0.47 3.3 1.74 0.73 P<0.05

Table 2. Correlations of studied soil properties. SOM - organic matter, AP - available phosphorus, and AK - available potassium

Tablica 2. Korelacijski odnosi istrazivanih znacajki tla. SOM - organska tvar, AP - biljci pristupacan fosfor i AK - biljci pristupacan
kalij

Variable pH SOM AP AK
pH -

SOM 0.268* -

AP 0.351* 0.126n.s. -

AK 0.082n.s. 0.335* 0.575* -

n.s., not significant at a P>0.05. Significant at a *P<0.05
n.s., nije signifikantno na P>0.05. Signifikantno na *P<0.05

Table 3. Summary statistics of the accuracy of the tested geostatistical techniques. SOM - organic matter, AP - available phospho-
rus, AK - available potassium, ME - mean error, RMSE - root mean square error, and Rl - relative improvement

Tablica 3. Zbirna statistika preciznosti testiranih geostatistickih metoda. SOM - organska tvar, AP - biljci pristupacan fosfor, AK -
biljci pristupacan kalij, ME - srednja pogreska, RMSE - korijen srednje kvadratne pogreske i Rl - relativno poboljsanje

pH ME RMSE RI (%) SOM ME RMSE RI (%)

OK -0.0003 0.0266 OK -0.0002 0.0288

pH x SOM -0.0004 0.0267 -0.21 SOM x pH -0.0001 0.0282 2.33

pH x AP -0.0002 0.0247 7.10 SOM x AK -0.0002 0.0278 3.61

AP ME RMSE RI (%) AK ME RMSE RI (%)

OK 0.0001 0.1077 OK 0.000002 0.000545

AP x pH -0.0003 0.1016 5.68 AK x SOM 0.000003 0.000538 1.37

AP x AK -0.0007 0.0972 9.79 AK x AP 0.000006 0.000495 9.16
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Figure 2. Semivariogram analysis and their parameters for a) pH,
b) soil organic matter (SOM), c) available phosphorus (AP), and
d) available potassium (AK)
Slika 1. Semivariogramska analiza i pripadajuéa svojstva za a)
pH, b) organska tvar (SOM), c) pristupacan fosfor (AP) i d) pris-
tupacan kalij (AK)

The maps produced from the most accurate techniques
are shown in Fig. 3. The highest values of pH and SOM
were observed in the northwest part. The spatial
distribution of AP and AK were similar, with the highest
concentrations observed in the central and northwestern
part of the study area.

]
L
-
[

)

"

Figure 3. Spatial distribution maps according to the most accu-
rate technique: a) pH, b) soil organic matter (SOM), c) available
phosphorus (AP), and d) available potassium (AK)

Slika 3. Karte prostorne distribucije dobivene najto¢nijom met-
odom: a) pH, b) organska tvar (SOM), c) pristupacan fosfor (AP)
i d) pristupacan kalij (AK)

DISCUSSION

Following the classification proposed by Thun et
al. (1955), the soils are, in average, slightly acidic. The
pH value observed does not impose limitations for
agricultural production since most cropland cultures'
desirable pH is slightly acidic to neutral (Keesstra et al.,
2016). However, spatial maps reveal several areas that
should be treated with lime materials. Since the studied
soils were subjected to intensive agricultural practices,
soil pH should be monitored. The results showed that
SOM content (1.72%) is low, which can be evidence of
degradation. The threshold for soil degradation occurs
where SOM is between 2.6 and 3.5% in the rhizosphere
and Webb, 2003; Lal, 2016).

management should consider soil conservation measures

(Loveland Future

to increase SOM and avoid soil degradation. According
to Wunderer et al. (2003), soil AP and AK concentrations
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have a medium supply. This supply is higher than in the
natural soils due to fertilization (Basi¢, 2013). Soil pH
was positively correlated with SOM, AP, and AK, which
agrees with Behera and Shukla (2015), who found similar
interrelations in India's cropland soils. Soil pH mean was
5.64, and an additional raise can favor AP. This element
is mostly available in the pH range from 6 to 7 (Penn
and Camberato, 2019). Moreover, decomposition and
formation of passive forms of SOM are higher in soils with
higher addition of fresh biomass, i.e., at soils with neutral
soil reaction, which can explain the positive interrelations
of soil pH AP and SOM. Finally, SOM is the main source of
nutrients, and their positive interrelations with AP and AK
are thus expectable and in agreement with other studies
(Iticha and Takele, 2019). This interrelation also explains
the positive correlation between AP and AK.

A CV value lower than 10% indicates a low variability,
between 10% and 90% a moderate variability, and
higher than 90% a high variability (Zhang, 2006). The
variables studied had moderate variability. The minimum
observed was 15.2% (pH) and a maximum of 31.4% (AP).
Soil pH was less heterogeneous than other variables, as
observed in previous works. Rarely exceeds 15% (Fu et
al., 2010; Saglam, 2015). For management purposes, the
homogeneous distribution of pH is preferred. Typically,
SOM content is influenced by topography and climate.
However, in present case, the differences observed may
be attributed to the ununiformed crop rotation and soil
management that farmers apply on their land in the
research area. The spatial variability of AP and AK was
moderate, and this is a consequence of the unequal
fertilization. Previous works for AP and AK observed a
CV of 22.1% and 32.6% in Croatian (Bogunovic et al.,
2014) and 68.4% and 60.6% in Ireland soils (Fu et al.,
2010), respectively. Usually, forest soils near the studied
area have reduced AK and AP. Loess soils are deficient
in these elements (Basi¢, 2013). Nowadays, the content
of AP and AK was strongly changed due to intensive use
and different fertilization practices. Intensive fertilization
in the second part of the last century has dramatically
increased the concentration of these elements in eastern
Croatia's soils (Bogunovic et al., 2017). Furthermore,

spatial heterogeneity of pH may have influenced the
concentration of AP and AK. Low acid and neutral pH
values increase these elements' bioavailability (Pereira et
al., 2017).

The exponential and spherical models were the best-
fitted models for the studied soil properties. Similar results
were identified in previous works, where these two models
dominate (e.g., Saglam, 2015; Lipiec and Usowicz, 2018).
According to the variogram parameters, analyzed soil
properties showed a strong spatial dependence (nugget
to sill ratio < 25%) (Cambardella et al., 1994). Their spatial
dependence may be controlled by intrinsic variations of
soil properties and extrinsic factors such as fertilization
(Goovaerts, 1998). The reduced nugget effect suggested
that intrinsic factors more influenced pH and SOM.
Nevertheless, a low content of SOM was also observed,
and this is evidence of degradation. Using the sampling
resolution of 5 ha, the human effect did not detect.
However, this can be identified at a finer resolution. On
the other hand, the high nugget effect in AP and AK is
an indicator of the short-range spatial variability and
the impact of human activities. This is a critical aspect,
mainly because fertilization is already observed at 5 ha
resolution, showing a high degree of human impact.
Several studies reported that low spatial dependence
was attributed to the effect of extrinsic factors (e.g., Xu et
al., 2013; Liu et al., 2014). Ranges derived from the best-
fitted variogram model show the spatial autocorrelation
extension (Behera and Shukla, 2015). The range varied
from 805.7 m (pH) to 1623.4 m (AP) in the studied soils.
The ranges observed are high and can serve as guidance
for future sampling activities in the area. In all the cases,
the ranges were higher than 250 m showing that the
sampling procedure was appropriated to detect the
variables' spatial variability (Kerry and Oliver, 2004).

Testing different interpolation methods comparison
enable to identify the most accurate key to identify the
best map. In the present case, it is crucial to identify areas
where the lack of nutrients in the soil can affect crop
yield and areas where a high concentration of elements
can affect surface and groundwater. Likewise, numerous
studies compared different interpolation techniques to
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describe soil properties' spatial variability (e.g., Ceddia
et al., 2015; Bogunovic et al., 2017). Here, the tested
methods revealed different results. However, only in
one case, CoK showed the reduced prediction capacity
(soil pH using SOM) auxiliary variable, while all other soil
properties showed an increase of the prediction (Table
3). These results indicated that the inclusion of auxiliary
variables increased the estimations' accuracy, as observed
in previous works (e.g., Ceddia et al., 2015; Chen et al.,
2016). Overall, it was demonstrated that spatial modeling
using auxiliary variables could improve estimation at un-
sampled locations and increase the predictions' accuracy.
Nevertheless, this depends on the relationship between
the primary and auxiliary variables. Spatial analysis can
reduce sampling costs and provide accurate information
for crop production firms, environmental monitoring,

protection, and management purposes.

Several studies have highlighted the importance
of precision maps and the application of geostatistical
techniques to identify areas with a deficit of nutrients
and affected by degradation (Liu et al, 2016; Iticha
and Takele, 2019). On the other hand, maps with a high
precision identify with accuracy areas with an excess of
nutrients and induce toxicity to the crops and reduce
food production and security. The excess of nutrients
such as phosphorous reduce surface and groundwater
quality and increase water bodies' eutrophication.
Agriculture activities are one of the main responsible
for water quality degradation and biodiversity decrease
in rivers and lakes (Van Soesbergen et al., 2019; Withers
and Haygarth, 2007). |dentifying areas with low and
high nutrients will facilitate the management of the
farmland and reduce costs (Bongiovanni and Lowenberg-
Deboer, 2004; Schimmelpfennig and Ebel, 2006). All in
all, maps at different scales are an essential tool to have
better sustainable land management and contribute to
the achievement of global targets (Munoz-Rojas et al.,
2017; Tamene et al., 2017). The study carried out was
essential to verify that the soil degradation process needs
to be reversed due to the reduced SOM and apply soil
conservation practices to increase nutrients in some

areas and reduce the losses and the consequent offsite in

others. This will increase the management effectiveness

and cost-saving in the studied farm.

CONCLUSION

The geostatistical modeling provide an opportunity to
characterize the spatial variability and spatial patterns of
soil pH, SOM, AP, and AK at the field scale. The spatial
variability of AP was the highest, and pH the lowest.
Final maps reveal heterogeneous spatial patterns of
soil properties and indicate a need for sustainable site-
specific soil management strategies. Several parts of
the area reveal an acidic soil environment, and a liming
application is needed. Moreover, large parts of studied
soils were over-or under- fertilized, indicating possible
environmental problems or inadequate soil conditions
for plant production. Particular attention should be paid
to SOM contents since they are below critical levels for
agricultural production. Such a soil environment threat
requires adopting conservation management practices to

achieve the sustainability of the studied agroecosystems.
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