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A B S T R A C T

In the Junín jungle, inappropriate agricultural management practices for a long time can adversely affect soil 
quality. This has driven the development of multiple soil quality evaluation methods that are highly demanding 
in terms of economic and human resources. This study aimed to evaluate the effect of land-use change from 
natural ecosystems to agricultural systems by determining soil quality in the jungle of the Junin Region. Soil 
samples were collected between December 2021 and July 2022 in the Chanchamayo and Satipo provinces in the 
Junín region. Seventy-four samples were determined using stratified sampling, along with the support provided 
by the stacking of five spatial layers. Physical, chemical, and biological indicators, along with land cover type 
data from the European Space Agency (ESA) WorldCover product, were determined. A minimum data set (MDS) 
was established through correlation analysis, from which principal component analysis (PCA) was performed. 
Finally, the weighted soil quality index (SQIw) was calculated by integrating the most essential variables 
identified through PCA. It was found that forest cover soils had a higher SQIw than soils with crops and grassland 
cover. According to PCA, the soil quality variables that contributed the most are potassium (K) content and pH. It 
was concluded that the jungle soil quality in the Junín region is moderate to low, depending on the coverage. In 
addition, more significant degradation was observed in grassland-covered areas, particularly in the Chancha
mayo province than in the Satipo province.

1. Introduction

Soil is a finite natural resource (Mandal et al., 2021) that plays a vital 
role in sustaining life (Lehmann et al., 2020). Tropical soils are char
acterized by high diversity (Huntley, 2023) but are under significant 
pressure due to deforestation, primarily driven by land-use change 
(Valdez-Nuñez et al., 2019). The endeavor to produce food through 
agriculture has not only diminished the capacity of ecosystems to pro
vide services but has also significantly impacted climate and the human 

sphere (Foley et al., 2005). Consequently, this has led to a decline in soil 
health, productivity, and resilience (Agbeshie et al., 2025).

Soil quality is defined as the ability to sustain plant and animal dry 
matter production and maintain or improve water and air quality, 
among other things (Karlen et al., 1997). Different natural origin events 
and anthropogenic activities change this, with poorly understood 
long-term effects. Therefore, there are various approaches to address soil 
quality and options for its evaluation. Generally, it is assessed by 
measuring a minimum dataset to reduce analysis time and cost 
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Contents lists available at ScienceDirect

Soil Security

journal homepage: www.sciencedirect.com/journal/soil-security

https://doi.org/10.1016/j.soisec.2025.100188
Received 13 January 2025; Received in revised form 7 April 2025; Accepted 2 May 2025  

Soil Security 19 (2025) 100188 

Available online 3 May 2025 
2667-0062/© 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC license ( http://creativecommons.org/licenses/by- 
nc/4.0/ ). 



(Vallejo-Quintero et al., 2020; Yu et al., 2018), which translates into the 
generation of a soil quality index (SQI).

Soil quality indices (SQI) combine quantitative and qualitative in
formation related to soil (de Paul Obade and Lal, 2016). In certain in
stances, professionals evaluate the physical properties of the soil. 
(Reyes, 2019), and in others, its biological ones (Aravindh et al., 2020). 
Although there is no universally applicable formula to measure soil 
quality (Andrés-Abellán et al., 2019), its representation in a “numerical” 
manner allows for easy monitoring and evaluation of soil quality 
changes and dynamics (Rachman, 2019). Soil quality index evaluations 
should consider various soil functions. Some functions may be complex, 
so different soil properties could be significant indicators of soil quality, 
requiring further research to identify the most important ones (Nortcliff, 
2002).

Assessment of agricultural sustainability necessitates an analysis of 
soil health indicators (Doran and Zeiss, 2000). These indicators, in 
addition to providing information on different management systems 
impact on the soil over time, help identify problematic areas and prevent 
their degradation (Estrada-Herrera et al., 2017; Stefanoski et al., 2016; 
Velasquez et al., 2007). Likewise, they provide productive and sustain
able systems design support (Jamioy-Orozco et al., 2015). Hence, it is 
crucial to define biological, physical, and chemical indicators and their 
interconnections (García et al., 2012). This may involve simple additive 
index values (Nasir et al., 2024) or incorporate various scoring methods 
(linear and non-linear) to derive an index reflecting soil-related aspects. 
Furthermore, utilizing statistical techniques such as factor analysis 
(Raiesi, 2017) and principal component analysis (PCA) to reduce the 
dimensionality of the dataset, aiding variable selection, alongside data 
mining methods (Ciarkowska and Gambus, 2020; Sánchez-Navarro 
et al., 2015), is essential. Even to characterize the soil, they integrate 
environmental covariates on different scales to estimate its spatial 
variability (Fathizad et al., 2020; Isong et al., 2022). If we want to 
emphasize the advantages of working in a spatial context, using soil 
quality indicators as a primary approach can reveal agroecological 
functions; however, integrating topography covariates can help better 
understand their spatial variabilities across contrasting land uses (Kiani 
et al., 2020).

The SQI provides a more effective means of identifying long-term 
land-use changes than analyzing individual soil characteristics (Raiesi, 
2017). This is evidenced by significant SQI variability observed in spe
cific ecosystems, including forests (Andrés-Abellán et al., 2019), crop
lands (Sanad et al., 2024), pasture (Samaei et al., 2022), and across 
diverse land uses, making it a practical tool for monitoring soil quality 
(Bravo–Medina et al., 2021; Damiba et al., 2024; Uthappa et al., 2024). 
Beyond land use, SQI can evaluate variations and impacts at various 
depths under different management conditions (Mukherjee and Lal, 
2014; Zhang et al., 2022).

The SQIw method proved the best index for monitoring soil quality 
changes over time; assigning appropriate weights to its components 
better reflects how different soil properties impact overall quality 
(Selmy et al., 2021). Using weighted additive integration of PCA, the 
calculated SQI successfully differentiated between old cultivated, newly 
cultivated, and barren land uses (Mustafa, 2023). When SQIw used PCA 
as a reduction tool to obtain key indicators from a large dataset across 
land use types, their results indicated that Forest Land had the highest 
soil quality mean values, followed by Crop Land and Grass Land 
(Damiba et al., 2024). Similarly, previous research obtains the highest 
SQI value on the upper slopes, which land use as forests (Meitasari et al., 
2024). Compared with the adding soil quality index, SQIw present more 
sensitive and better performance to predict soil quality due to the 
application of weights to soil properties (Damiba et al., 2024; Meitasari 
et al., 2024). SQIw analyzes soil properties normalized according to 
scoring from contributions of PCA, it allows them to identify MDS for 
making SQI assessment both practical and cost-effective without 
compromising the essential information needed to evaluate soil quality 
(Tesfahunegn, 2014), becoming important when it is used in conditions 

such as croplands under different anthropogenic interventions 
(Barrezueta-Unda et al., 2017) or with levels of anthropopressure ac
cording of pollutants emission indices assessment (Klimkowicz-Pawlas 
et al., 2019).

This study, therefore, sets out to generate crucial information on soil 
quality relevant to tropical soils, with the ultimate aim of supporting 
more effective and sustainable agricultural management strategies 
within these ecosystems. Focusing on the Amazonian region of Peru, a 
key objective is to present a practical and reliable method for the 
determination of soil quality. This is expected to not only promote the 
adoption of sound agricultural practices but also to enable the efficient 
utilization of financial resources.

2. Material and methods

2.1. Study area

The study is located in the jungle zone of the Junín region in Peru, 
which includes the Satipo (11◦15′15″S, 74◦38′17″W) and Chanchamayo 
(11◦03′16″S, 75◦19′45″W) provinces (Fig. 1). The geography of Chan
chamayo province includes the lower eastern slopes of the Andes, 
encompassing the Bajo Tulumayo, Chanchamayo, and Perené river ba
sins (Tierras Vivas, 2024), with altitudes ranging from 420 to 4700 m.a. 
s.l., an average annual temperature of 19 ◦C with a maximum of 33 ◦C 
and a minimum of 5 ◦C, and a maximum yearly rainfall of 3000 mm. 
Satipo is the largest province in the Junín region, with a remarkable 
range of elevations, ranging from 200 to 4800 m.a.s.l. The lowest point 
in the province is along the Tambo River, near the Ucayali Region 
border. The climate in the province presents an average annual tem
perature of 20 ◦C, with a maximum of 35 ◦C, a minimum of 5 ◦C, and a 
maximum yearly rainfall of 4000 mm. Between October and April, the 
highest rainfall volumes were registered in both places, a large part of 
the area characterized by a warm, humid, and rainy climate.

According to the World Reference Base classification system (IUSS 
Working Group, 2007), the dominant soil classes in both regions are 
Andosols, Cambisols, and Ferralsols. Chanchamayo has a larger area of 
Cambisols than Satipo. In Satipo, the percentage of Ferralsols is higher, 
predominantly over plains and undulated land areas. Andosols are 
present in both regions, but in smaller amounts, and are mainly found in 
mountainous areas with forests.

Concerning the socio-economic aspect, the study area concentrates 
on 30 % of the Junín region population, where agriculture is the pre
dominant activity with practices such as slash-and-burn for farm crea
tion as well as forest clearing, concentrating on domestic consumption 
production of pineapple, orange, tangelo, banana, cassava, and 
tangerine; and for industry and agro-export, with the supply of coffee, 
cocoa, complex yellow maize, and ginger (Banco Central de Reserva del 
Perú, 2023). According to MIDAGRI statistics from public dashboards 
(https://siea.midagri.gob.pe/siea_bi/), Chanchamayo has 218,950 
hectares of agricultural and livestock land, while Satipo has 397,459 
hectares, where crops such as orange, pineapple, banana, avocado, 
coffee, tangerine, cacao, ginger, cassava, and hard yellow corn are 
spotlighted in order of production. The grassland areas highlight the 
production of Pennisetum purpureum (Elephant grass), and Brachiaria 
spp.

2.2. Soil sampling and analysis

This study employed a stratified sampling method to generate point 
locations using five spatial layers (vegetable cover, current land use, 
permeability, texture, and soil depth) as inputs to divide the area into 
multiple strata. One criterion for spatial selection established sampling 
zones below 1500 m.a.s.l. from a digital elevation model (DEM), with 
the aim of reducing the area to be covered during sampling. In the R 
software (R Core Team, 2018), the stacking of spatial layers was used as 
an argument in the ‘spsample’ function of the ‘sp’ package (Pebesma and 
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Bivand, 2005) to establish the sampling points. A total of 74 soil samples 
were collected at a depth of 30 cm between December 2021 and July 
2022 (Fig. 1).

Physical, chemical, and biological properties were determined at the 
Soil, Water, and Foliar Laboratory (LABSAF) of the Pichanaki Agrarian 
Experimental Station (EEA) at the National Institute for Agrarian Inno
vation (INIA). The pH in soil-water ratio 1:1 was determined using the 
EPA 9045D method (EPA, 2004); the electrical conductivity (EC) in 
soil-water ratio 1:5 according to ISO 11265 (ISO, 1994); the organic 
matter (OM) by oxidation with potassium dichromate (Walkley and 
Black, 1934); available phosphorus (P) according to Olsen’s method 
(Olsen et al., 1954); the extractable potassium (K) with 1 N ammonium 
acetate pH 7 (Bazán-Tapia, 2017); exchangeable acidity (Al+H) by 
extraction with 1 N KCl (Yuan, 1959); texture by the hydrometer method 
(Bouyoucos, 1936); and soil respiration (Rs) with alkali capture 
(Anderson, 1983). Rs is an indirect method for assessing microbial ac
tivity, which quantifies the CO₂ produced by microorganisms. This 
chemical method measures respiration by capturing CO₂ in a basic so
lution (NaOH) and subsequently determining its concentration by 
titration (FAO, 2023). The Eq. (1) is used to calculate the amount of CO2 
released by respiration during the interval between readings. The 
workflow is illustrated in Fig. 2. 

CO2 =
[(v ∗ Nb) − (g ∗ Na)] ∗ 22

W ∗ ddi
(1) 

Where: 

CO2 = amount of CO2 absorbed (mg).
v = volume of base used (mL).
Nb = normality of the base used.
g = acid flow recorded (mL).
Na = acid normality.
W = dry weight of soil sample (g).
ddi = days since installation or last reading.

The ‘psych’ R package (Revelle, 2023) was then utilized to generate 
descriptive statistics for the identified soil properties.

2.3. Land cover classification

The land cover classification was carried out using data collected in 
the field by observing current land use. The identified classes were 
aligned with the ESA WorldCover 2021 v200 product (Zanaga et al., 
2022). With its 10 m spatial resolution, this product is based on 

Fig. 1. Study area with marked sampling point locations.

C. Carbajal et al.                                                                                                                                                                                                                                Soil Security 19 (2025) 100188 

3 



Sentinel-1 and Sentinel-2 image data, ensuring greater accuracy in dis
tinguishing various land cover types within the study area. The discrete 
classification map offers 11 classes: Tree cover, Shrubland, Grassland, 
Cropland, Built-up, Bare/sparse vegetation, Snow and Ice, Permanent 
water bodies, Herbaceous wetland, Mangroves, and Moss and lichen. 
They are defined using the internationally recognized Land Cover 
Classification System (LCCS) developed by the United Nations (UN) 
Food and Agriculture Organization (FAO). The UN-LCCS system, a hi
erarchical classification, allows for adjusting the thematic detail of the 
legend to the amount of information available (Van De Kerchove et al., 
2022).

2.4. Weighted soil quality index (SQIw) calculation

A correlation matrix was created to identify a minimum data set 
(MDS) without redundant indicators. The stats package (R Core Team, 
2018) was used to calculate Pearson correlation coefficient values, and 
the ‘ggcorrplot’ package (Kassambara, 2022) was used to visualize the 
matrix. Then, a PCA was conducted using all principal components (PC). 
The ‘prcomp’ function of the same stats package was utilized to obtain 
the variables eigenvalues and contributions, and the ‘fviz_pca_var’ 
function of the ‘factoextra’ package (Kassambara and Mundt, 2020) was 
employed to plot these contributions. The indicators were adjusted using 

linear methods to assign a score to each indicator, following the "more is 
better" from Eq. (2) and "less is better" from Eq. (3) methods outlined by 
Andrews et al. (2002). The indicator values for this study can be found in 
Table 1. To calculate the specific weightings (Sw) for each component, 
we divided the variance percentage of each principal component (PC) by 
the accumulated variance percentage of the last PC. Next, from Eq. (4), 
we obtained the variable weighting (W) by multiplying it by the 
contribution values of each principal component (PC). Finally, the 
weighted soil quality index (SQIw) was computed using Eq. (5) as 
described in Andrews et al. (2002). These processes were carried out 
using the code supported by the ‘Tidyverse’ package functions 

Fig. 2. A laboratory workflow detailing the volumetric method used for measuring soil respiration.

Table 1 
Maximum (lmax) and minimum (lmin) limit values for soil quality indicators.

Indicators Unit Relation lmax lmin

OM % More is better 6 2
pH ​ Less is better 7,5 5
P ppm More is better 20 8
K ppm More is better 390 78
Bd g•cm-3 Less is better 1,5 1,15
Rs CO2 mg•g-1 of soil•day-1 More is better 0924 0,3687

Note: OM = Organic matter; P = Phosphorus; K = Potassium; Bd = Bulk density; 
Rs = Soil respiration.
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(Wickham et al., 2019). The weighted soil quality index (SQIw) was 
calculated using the following equations: 

Vn =

(
lm − lmin

lmax − lmin

)

(2) 

Vn = 1 −

(
lm − lmin

lmax − lmin

)

(3) 

W =
∑n

i=1

(
Pei

100

)

∗

(
Ci

100

)

(4) 

SQIw =
∑n

i=1
(Wi ∗Vni) (5) 

where Vn is the normalized value; Imin is the minimum indicator value; 
Imax is the indicator maximum value; lm is the indicator mean value; W 
is the weighting of the variable; Pe is PC specific weighting; C is the 
variable contribution in the PC; n is the number of selected PCs, and 
SQIw is the weighted soil quality index.

The criteria to define the maximum and minimum values for the pH, 
OM, P, and K indicators were based on those established by Cantú et al. 
(2007). For Bd, Estrada-Herrera et al. (2017) were considered, and Rs 
according to Vargas-Terminel et al. (2022). The procedure is illustrated 
in Fig. 3.

Then, the data with the obtained values from the SQIw generation 
were subjected to variance analysis, taking coverage as a factor.

3. Results

3.1. Soil quality physical, chemical, and biological indicators

A set of soil indicators was evaluated and is presented in Table 2 for 
the study. The average values obtained reflect the typical soil charac
teristics under tropical conditions. Forest coverage soils have a 3.37 % 
OM percentage, 6.5 pH, sandy clay loam textural class, and a 1.33 g•cm- 
3 Bd. Cropland coverage soils present a 2.66 % OM percentage, 5.49 pH, 
sandy loam textural class, and 1.31 g•cm-3 Bd. Grassland coverage soils 
show a 2.19 % OM percentage, 5.52 pH, sandy loam textural class, and 
1.35 g•cm-3 Bd.

Soils with the three land cover types have very low EC ranging from 
0.01 to 0.07 mS•m-1. similarly, the indicators with the most significant 
variation were P content (mg•kg-1), K (mg•kg-1), and Al+H (meq•100 
g-1). Grassland coverage soils had the lowest values of P and K and the 
highest Al+H. Crop coverage soils had the highest available phosphorus 
values. Forest coverage soils had the highest values of K and the lowest 
values of Al+H. The standard error indicates a greater K (mg•kg-1) and 
sand percentage variation.

3.2. Land cover class identification

Cropping the land cover classes (LCC) layer from the ESA World
Cover 2021 v200 product (Zanaga et al., 2022), over 85.08 % and 91.85 
% are occupied by tree cover in Chanchamayo and Satipo, respectively. 
Following this, the next largest area is grassland cover (12.92 % in 

Fig. 3. Methodology flow used for the weighted soil quality index calculation.
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Chanchamayo, 6.87 % in Satipo), and finally, in both places, cropland 
cover represents <0.04 % in proportion. For the purpose of this study, 
these three LCCs were chosen to assess soil quality, despite the existence 
of other cover types. By counting the occurrences of each identified LCC 
in the sample sites, we can calculate the respective proportion in each 
province (Fig. 4).

3.3. Soil quality indicators selection

Pearson’s statistics indicated a high positive correlation between EC, 
available K, and pH (Table 3). Likewise, there was a high negative 
correlation between pH and exchangeable acidity. Thus, the available P, 
available K, pH, OM percentage (chemical indicator), Bd (physical in
dicator), and Rs (biological indicator) were established as the minimum 
dataset (MDS) for quality index construction.

3.4. Principal component analysis (PCA)

PCA was performed using six selected indicators. Tables 4 and 5
show the eigenvalues, explained variances, and contributions of each 
component. The first two components achieved an explained variance of 
over 55 % in both provinces.

A biplot graph including variables together with observations is 
shown in Fig. 5. First, concerning the variables, there is a higher cor
relation between K and pH and between P, OM, and Rs, but a low cor
relation of these regarding Ad is observed. Similarly, the variables that 
contributed the most to PCA were K and pH. However, pH was the least 
important variable for Chanchamayo soils, where Rs was the highest 
contributory variable. In the case of Satipo province, the most contrib
uting variable was K, while the lowest contribution was OM.

In Fig. 5, it is evident that 78 % of grassland cover and most of the 
cropland cover soils are situated on the negative side of the first 
component (PC1). These soils are associated with lower K content and 
lower Rs, although their behavior does not show clear trends. On the 
other hand, tree cover soils exhibit no distinct behavior across the biplot 
quadrants. These soils are predominantly positioned on the negative 
side of PC2, making up 70 % of them. Additionally, when considering K 

Table 2 
Descriptive statistics of physical, chemical, and biological soil quality indicators.

Indicators LCC Mean SD MIN MAX Range SE

OM (%) T 3,37 1,81 0,49 8,7 8,21 0,3
C 2,66 1,47 0,69 7,02 6,33 0,26
G 2,19 1,70 0,79 5,14 4,35 0,76

P (mg•kg-1) T 5,61 7,08 0 41,6 41,6 1,16
C 6,77 11,72 0 57,6 57,6 2,07
G 1,52 2,05 0 4,4 4,4 0,92

K (mg•kg-1) T 291,3 235,25 13 880 867 38,68
C 116,7 164,63 8 703 695 29,1
G 43,7 53,02 0 131 131 23,71

Al+H (meq•100 
g-1)

T 0,5 0,74 0 3,9 3,9 0,12
C 0,53 0,57 0,05 2,0 1,95 0,1
G 0,82 0,82 0,08 2,03 1,95 0,37

pH T 6,5 1,19 3,84 7,9 4,06 0,2
C 5,49 1,11 3,93 7,98 4,05 0,2
G 5,52 0,71 5,01 6,61 1,6 0,32

EC (mS•m-1) T 0,07 0,05 0 0,15 0,15 0,01
C 0,04 0,02 0,01 0,11 0,1 0
G 0,01 0 0,01 0,02 0,01 0

Sand (%) T 51,82 12,5 35 79,5 44,5 2,06
C 53,18 14,03 23,7 79,5 55,8 2,48
G 56,68 18,25 33,7 77,2 43,5 8,16

Silt (%) T 26,65 10,44 9,6 47,4 37,8 1,72
C 27,3 10,63 9,6 43,6 34 1,88
G 24,24 14,53 10 47,6 37,6 6,5

Clay (%) T 21,53 9,31 7,1 48,7 41,6 1,53
C 19,5 11,31 5,1 62,7 57,6 2
G 19,06 8,42 6,6 28,6 22 3,77

Bd (g•cm-3) T 1,33 0,12 1,17 1,64 0,47 0,02
C 1,31 0,11 1,1 1,64 0,54 0,02
G 1,35 0,18 1,16 1,63 0,47 0,08

Rs (CO2 mg•g-1 of 
soil•day-1)

T 0,89 0,14 0,53 1,09 0,56 0,02
C 0,81 0,22 0,53 1,28 0,75 0,04
G 0,76 0,17 0,61 1,02 0,41 0,08

* LCC is Land cover class; SD is the standard deviation; MIN is the minimum 
value; MAX is the maximum value; SE is the standard error; OM is organic 
matter; P is phosphorus; K is potassium; Al+H is exchangeable acidity; EC is 
electrical conductivity; Bd is bulk density; Rs is soil respiration; T is tree cover; C 
is cropland, and G is grassland.

Fig. 4. Land cover class percentage distribution identified for each province.
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and pH, it is evident that Chanchamayo soils do not align with available 
K and pH, which is of low importance for the province. Consequently, it 
is understood that these soils have lower quality.

3.5. Soil quality index under different land cover classes

The evaluated soils in the Junín region were of low to moderate 
quality (Cantú et al., 2007), as shown in Fig. 6. However, the data 
analysis revealed no significant differences in the soil quality index in 
relation to coverage (p-value > 0.05). The soil quality values of tree 
cover were double those of grassland coverage. In the present study, tree 
cover soils presented the highest available K values (average = 291 
mg•kg-1), while grasslands coverage soils had the lowest values (average 
= 43.7 mg kg-1), being lower than the proposed minimum value for the 
Bray method (78 mg kg-1). Likewise, forest coverage soil pH presented 
higher levels with a 6.5 average and lower exchangeable acidity values 
(0.5 mEq•100 g-1). This is not the case with cropland or grassland covers 
with moderately acidic soils and higher exchangeable acidity values. 
Since K and pH were the variables that contributed the most to the PCA 

and, therefore, to the SQIw, it is understood that tree cover had the 
highest soil quality compared to other cropland and grassland areas.

On the other hand, Chanchamayo has lower soil quality values than 
Satipo for all land cover classes. It is important to note that there is a 
smaller amount of tree-cover soil in that province.

4. Discussions

We used six physical, chemical, and biological soil indicators to 
develop a comprehensive soil quality index (SQI) providing a more 
complete assessment of present soil conditions. The averages of the in
dicators show an interesting fact: OM, K, P, and Rs were higher in the 
tree cover and cropland classes (Table 2). In specific, available potas
sium high value and higher soil pH qualified forest coverage soils as 
having the highest SQI. Regarding this, Bravo–Medina et al. (2021)
evaluated the effect of land use change on soil quality under similar 
conditions in the Ecuadorian Amazon and found that land use type had 
significant effects on soil properties and, thus, on soil quality. Further
more, higher quality values have been found in soils with natural 
vegetation (de Paul Obade and Lal, 2016), primary forest (Raiesi and 
Beheshti, 2022; Zhang et al., 2019), and in agroforestry systems culti
vated soils compared to rainfed and gravity irrigated production systems 
(Gelaw et al., 2015). On the other hand, Vallejo-Quintero et al. (2020)
determined lower SQI values for conventional grassland concerning 
coffee cultivation. These indicators were chosen based on their signifi
cant impact on soil fertility, taking into account the predominant land 
cover types, which are mainly citrus and coffee plantations.

PCA in this study used soil available P and K, pH, OM percentage, Rs, 
and Bd as soil quality indicators (Tables 4 and 5). Adequate Bd, well 
distributed around its pores, allows for good infiltration, gas exchange, 
and root development of plants. Meanwhile, Rs is a reference for root 
abundance and the richness of macro, meso, and microfauna in the soil, 
ensuring efficient nutrient recycling through its role in decomposing 
organic components such as plant material and dead organisms. OM 
broadly influences the physical, chemical, and biological properties of 
soil, particularly in aggregate stability, nutrient cycling, water retention, 
disease suppression, pH buffering, cation exchange capacity, and root 
development of the plants (Celestina et al., 2019). Previous experiences 
in constructing an SQI have considered pH, OM, N, P, K, cation exchange 
capacity (CEC), calcium (Ca), and magnesium (Mg) as chemical in
dicators (Estrada-Herrera et al., 2017; Martínez-Rodríguez et al., 2021), 
in addition to soil organic carbon (SOC), iron (Fe) and exchangeable 
acidity (Jamioy-Orozco et al., 2015). In terms of physical indicators, 
several studies have included soil porosity (Bravo–Medina et al., 2021; 
Gelaw et al., 2015), in addition to Bd (Bünemann et al., 2018; Valle
jo-Quintero et al., 2020), as characteristics that determine soil 
compaction. Finally, microbial biomass carbon (Brandão-Rocha et al., 
2022; Gelaw et al., 2015), microbiota population, enzyme activity 
(Brandão-Rocha et al., 2022), phosphate solubilizing bacteria, dehy
drogenase activity, and heterotroph density (Castillo-Valdez et al., 2021; 

Table 3 
Pearson correlation matrix of the analyzed soil properties.

OM P K AlþH PH EC Sand Silt Clay Bd Rs

OM 1 ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
P 0,31** 1 ​ ​ ​ ​ ​ ​ ​ ​ ​
K 0,18 0,05 1 ​ ​ ​ ​ ​ ​ ​ ​
AlþH 0,02 − 0,16 − 0,12 1 ​ ​ ​ ​ ​ ​ ​
PH 0,06 0,09 0,56*** − 0,6*** 1 ​ ​ ​ ​ ​ ​
EC 0,45*** 0,18 0,73*** − 0,19 0,69*** 1 ​ ​ ​ ​ ​
Sand − 0,02 − 0,03 − 0,16 − 0,1 0,04 − 0,1 1 ​ ​ ​ ​
Silt − 0,02 − 0,17 0,23 0,24* − 0,04 0,17 − 0,67*** 1 ​ ​ ​
Clay 0,04 0,21 − 0,03 − 0,13 − 0,01 − 0,04 − 0,62*** − 0,16 1 ​ ​
Bd − 0,13 − 0,03 − 0,18 − 0,05 − 0,07 − 0,04 − 0,02 − 0,08 0,11 1 ​
Rs 0,25* 0,22 0,38*** 0,14 0,1 0,49*** − 0,05 0,15 − 0,1 0,17 1

Note. * p < .05, ** p < .01, *** p < .001.

Table 4 
Principal components analysis results for the Chanchamayo province.

Variables PC1 PC2 PC3 PC4 PC5 PC6

Eigenvalues 1878 1369 1043 0658 0587 0464
Explained 

variance
0313 0228 0174 0110 0098 0077

Accumulated 
variance

0313 0541 0715 0825 0923 1

Quality indicators - contribution values for each PC
OM 34,204 1505 0392 0246 29,148 34,504
P 28,126 7037 0288 0003 59,303 5244
K 3872 34,931 14,344 40,789 2203 3861
pH 0068 3004 83,553 12,218 0168 0990
Bd 8542 35,028 1423 45,779 0734 8494
Rs 25,188 18,495 0001 0965 8443 46,907

Table 5 
Principal components analysis results for the Satipo province.

Variables PC1 PC2 PC3 PC4 PC5 PC6

Eigenvalues 2125 1326 1115 0746 0554 0135
Explained 

variance
0354 0221 0186 0124 0092 0022

Accumulated 
variance

0354 0575 0761 0885 0978 1

Quality indicators - contribution values for each PC
OM 8291 0332 45,764 29,673 15,853 0087
P 10,174 8317 30,222 29,576 20,700 1011
K 39,921 0336 6631 0001 0466 52,646
pH 29,018 4435 11,153 4663 23,200 27,532
Bd 0277 46,795 6057 27,336 18,086 1449
Rs 12,321 39,785 0173 8751 21,694 17,275
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Vallejo-Quintero et al., 2020) have been used as biological properties.
When choosing soil quality indicators, I found that potassium levels 

in tropical soils are dynamic and complex (Paramisparam et al., 2021). 
The high aluminum and iron content, coupled with intense weathering 
and leaching (Paramisparam et al., 2021; von Uexkuell, 1968), results in 
lower potassium availability in humid tropical soils compared with 
semi-arid or arid zones (Pagel, 1972). Potassium values between 200 
and 300 ppm for heavy soil (soils with Bd close to 1.0 g. cm-3) are 

considered adequate (Yost and Uchida, 2000). For this reason, the 
maximum value assigned to K in the standardization does not underes
timate the SQI calculation. The high values found for the Satipo soils 
represent an opportunity to conduct a more detailed study of potassium 
dynamics.

The results showed that Satipo soils were of the highest quality 
(Fig. 6), mainly because they had less anthropic intervention and a 
higher percentage of forest area. This was evidenced by Encarnación and 

Fig. 5. PCA Biplot graph (variables and observations) considering all data and province-level results.

Fig. 6. Weighted soil quality index (SQIw) by land cover class (LCC) in the provinces of Junín Region.
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Zárate (2010), who showed that more than 60 % of the vegetation types 
in this province are represented by varied forest formation at different 
altitudes. The forest land use type causes a higher soil available potas
sium level, as well as a higher pH, which are major important charac
teristics in the soil quality qualification of Junín, Peru. In contrast, 
Chanchamayo Province has a higher percentage of land covered by 
crops and grasslands, indicating greater human activity.

A low SQI, such as that for grassland and cropland, has a negative 
impact on soil quality. This implies improving agricultural and livestock 
practices to conserve and promote the increase in SQI to achieve sus
tainable use of soil resources. Ma et al. (2024) have provided evidence of 
the high soil quality found in a natural forest compared to a paddy for 
planting rice and an orchard for planting grapefruit. In the same way, 
Nabiollahi et al. (2018) found that the mean values for all SQIs were 
significantly higher in forestland than in cropland.

Organic matter becomes more crucial with increasing consistent 
biomass contributions, thereby promoting nutrient recycling. This is 
especially true in ecosystems with minimal management that support 
accumulation, conservation, and mature age. Ma et al. (2024) noted that 
forests, compared to other land uses, significantly bolster soil organic 
carbon levels through substantial plant biomass deposition. Concerning 
tree cover, a higher SQI is associated with a continuous and diverse 
influx of organic matter that serves as food for active soil fauna. Minimal 
human intervention was used to accomplish this, along with achieving a 
longer lifespan compared with cropland and grassland. Although 
biomass also contributes to cropland, greater anthropogenic interven
tion results in a lower SQI. Although Grassland has a greater under
ground biomass thanks to its root abundance, livestock activity limits 
the soil indicators that can contribute to a greater SQI.

This study has several implications, such as the asses of multiple soil 
indicators with PCA and the additive weights equation get to generate a 
reliable soil quality index (SQI) with minimal indicators. However, a 
more detailed evaluation that allows assessing the sensitivity to different 
agricultural management systems can facilitate its interpretation and 
implementation for specific regions and soils under similar conditions 
worldwide (Bedolla-Rivera et al., 2020). Lately, the crucial role of soil 
resources in environmental and societal well-being has spurred an 
increased focus on comprehensive and ongoing soil health monitoring, 
using the SQI as a primary indicator (Granatstein and Bezdicek, 1992). 
We can use SQI to assess the effects of converting tropical forests into 
agricultural land. The effects of converting forests to different land uses, 
including silvopastoral systems, show considerable variation in soil 
quality, with trends toward decreasing (Bravo–Medina et al., 2021; 
Uthappa et al., 2024). One aim of the study is to protect and enhance the 
long-term sustainability of agricultural productivity rather than focusing 
on obtaining high values for specific soil characteristics using SQI.

During the study, we saw that SQI primarily focused on bio, chem
ical, and physical soil conditions aspects. However, it is also important 
to recognize that a comprehensive evaluation of soil security causes 
considers the soil health concept as a potential connector between soil 
security and one health, joining their five dimensions, including the 
capability and condition of the soil (Swan et al., 2024). Monitoring the 
SQI overtime can provide invaluable insights into the sustainability of 
agricultural land management practices and their long-term impact on 
the overall soil security of a given region.

5. Conclusions

The process of constructing the weighted soil quality index (SQIw) 
allowed soil properties integration with the greatest influence over its 
quality, revealing its potential as an effective tool for soil quality 
determination and monitoring. The present study constructed the SQIw 
from six physical, chemical, and biological indicators. Of these, avail
able potassium (mg•kg-1) and pH were found to be the most important 
determinants of soil quality. In addition, it was found that soils with tree 
cover, which have a higher potassium content and neutral pH values, 

presented higher SQIw values than cropland and grassland coverage 
soils, presenting these latter deficient potassium values and higher 
acidity. Finally, it was concluded that jungle soils in the Junín region are 
of moderate to low quality depending on the coverage, with greater 
degradation in the Chanchamayo province compared to the Satipo 
province, where, in addition to having more soils under tree cover, there 
are also soils with a higher K content. For our study area, the SQI proved 
crucial in quantifying soil health and evaluating land management 
practices, especially in relation to changes in agricultural land use. This 
orientation highlights the inherent potential of soil to support agricul
tural productivity, while also protecting it from degradation and main
taining its functional integrity. In the future, this can be applied to 
monitoring the impacts of agriculture management decisions.

During the development of the study, we noted the lack of recent 
research on soil quality indicators and their optimal values for tropical 
ecosystems was a significant methodological challenge in selecting, 
combining, and scoring indicators. Sometimes, this condition prevents 
comparison with similar agroecological conditions. Therefore, future 
research should focus on improving the effectiveness and robustness of 
SQI in diverse agricultural settings to promote sustainable agriculture 
and ecosystem health. Therefore, the integration of technologies such as 
Geographic Information System (GIS), remote sensing (Ormanci and 
Dengiz, 2024), and machine learning (Diaz-Gonzalez et al., 2022) holds 
immense promise for enhancing the efficiency, accuracy, and scalability 
of SQI assessments. If the SQI is dynamic temporally because of changes 
to management practices, research must look at the development of 
region-specific benchmarks that will broaden our understanding of the 
factors influencing soil quality in different contexts.
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