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Abstract: The unsustainable conversion of forest areas into agricultural land poses a serious danger to the soil eminence
of Arunachal Pradesh’s environmentally delicate hilly topography. Understanding the impacts of this land-use change
is crucial for preventing further degradation. This study aimed to develop soil quality indices (SQIs) for different land use
types: natural forest (NF), current jhum cultivation (JC), fallow jhum land (FJC), and pineapple cultivation (PA). Samples
of soil were taken at a depth of 0 to 15 cm and examined for 22 potential soil quality indicators, with 19 showing signi-
ficant (P < 0.05) influence from land use, constituting the total dataset (TDS). Principal component analysis (PCA) was
employed on TDS to identify the minimum data set (MDS), comprising dehydrogenase activity, diethylenetriaminpen-
tahacetic acid (DTPA)-extractable iron, and bulk density, contributing 73%, 19%, and 8% to the overall SQI, respectively.
Subsequently, different SQIs were estimated using linear/nonlinear and additive/weighted scoring functions. The results
revealed substantial alterations in SQIs among the land use types, through NF exhibiting the highest soil quality. Notably,
the nonlinear SQIs exhibited greater sensitivity to land use conversion compared to their linear counterparts, indicating
their potential as a more robust tool for assessing soil quality changes. This study concludes that the transformation
of land use in the hilly regions of subtropics of Arunachal Pradesh has led to the deterioration of soil quality. The pro-
posed indexing framework, leveraging the sensitivity and clarity of nonlinear SQIs, can effectively evaluate and compare
soil quality across different land use scenarios, thereby informing sustainable land management strategies.
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Soil constitutes an essential element of the Earth’s
ecosystem, playing an indispensable role in sustaining
life. Its significance in supporting human existence
cannot be overstated. In addition to being the main
basis of key nutrients required for plant growth, soil
supports a wide range of metabolic activities that
are critical for the growth of roots, leaves, flowers,
and fruits. Moreover, soil contributes to the delivery
of ecosystem services through intricate interactions
among its physical, chemical, and biological com-
ponents, thus underscoring its pivotal role in main-
taining ecological balance and fostering biodiversity
(Karlen et al. 1997). Assessing soil quality includes
the comprehensive assessment of soil properties and
developments, which directly influence its capacity
to function effectively within a thriving ecosystem.
This encompasses an analysis of various factors,
including nutrient content, physical structure, and
biological activity, all of which contribute to the
soil’s ability to support and sustain ecological health
(Biinemann et al. 2018). Depending on a wide range
of soil chemical, biological, and physical character-
istics as well as their individual roles, soil’s role and
the value it subsequently contributes to ecosystems
are intrinsically varied. These factors exhibit vari-
ability across spatial and temporal scales, further
emphasising the dynamic nature of soil-ecosystem
interactions (Doran 2002; Nannipieri et al. 2003; Van
Diepeningen et al. 2006; Spiegel et al. 2015). Hence,
the assortment of a standardised set of soil properties
for assessing the soil quality proves to be a multi-
faceted task as it varies across different agricultural
classifications and organization objectives. Accord-
ing to Islam and Weil (2000), the evaluation of soil
quality primarily revolves around the soil properties
that exhibit high variability and sensitivity to vari-
ous management practices. Since the introduction
of the land capability classification system by the
USDA Soil Conservation Service in 1961 (Klingebiel
& Montgomery 1961), numerous soil quality assess-
ment methodologies have emerged to address this
dynamic aspect. These procedures include soil test
kits and soil quality cards (Ditzler & Tugel 2002), soil
quality index (SQI) methods (Doran & Parkin 1994;
Andrews et al. 2002), fuzzy association rules (Yue
et al. 2010), dynamic models of soil quality (Larson
& Pierce 1994), and soil management assessment
frameworks (Andrews et al. 2004; Masto et al. 2007;
Karlen et al. 2008; Wienhold et al. 2009). Among
these methodologies, the SQI method stands out
as possibly the most prevalent (Andrews et al. 2002),

owing to its simplicity and computational flexibility.
Soil quality indices serve as valuable tools for adap-
tive soil resource management, enabling farmers and
other stakeholders to monitor soil health trends and
to identify requisite adjustments in soil management
practices (Karlen et al. 2001).

Soil quality assessment has been predominantly
focused on agricultural lands, with limited atten-
tion given to traditional land use systems like jhum
(slash-and-burn or shifting cultivation), pineapple-
based cultivation, and fallow jhum lands. The present
study aims to address this breach by investigating
SQIs across these land-use systems prevalent in the
mid-hill regions, where jhuming is considered a lead-
ing cause of physical soil degradation, especially
in the states of Arunachal Pradesh, Nagaland, and
Meghalaya. Alarmingly, 67.6% of Arunachal Pradesh’s
total geographical area has exceeded the soil loss
tolerance limit (Bandypadhyay et al. 2014), result-
ing in a massive annual loss of soil nutrients. The
traditional practices of clearing natural forests for
agricultural land through shifting cultivation have
been a significant driver of ecosystem degradation
due to declining soil productivity and fertility. Im-
prudent deforestation, coupled with unsustainable
jhum cultivation practices, has led to severe soil
loss and the deterioration of the soil physical en-
vironment. This problem is further exacerbated
by reduced jhum cycles, which impede the natural
rejuvenation of vegetation and the restoration of soil
fertility. Deterioration of soil fertility, organic matter,
biomass carbon, microbial diversity, and microbial
activities, along with an increase in soil erodibility,
acidity, and exposure of compact subsoils with poor
physicochemical properties, are some of the factors
contributing to the retrogression of soil quality and
health. Despite its reputation as a location with
heavy rainfall, the study area has a distinct mix
of edaphic difficulties, such as high soil acidity,
aluminium toxicity, significant soil carbon loss,
and severe water shortages for most of the year.
Soil acidity emerges as a significant concern for
chemical degradation in the northeastern states
of the country. The pervasive soil acidity in this
area is attributed to multiple factors, including the
elevated levels of exchangeable aluminium resulting
from the weathering of acidic parent materials and
the significant leaching of bases due to the region’s
abundant rainfall (Bandypadhyay et al. 2018).

Given the limited prospects for industrialisation
in mountainous regions and the predominant reliance
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on agriculture for rural livelihoods, the agricultural
sector stands as a cornerstone for economic growth
in the northeastern states of India. Hill agriculture
faces inherent constraints, yet opportunities exist
to harness the region’s agricultural potential. This
requires a focus on soil health and quality, allowing for
the cultivation of a diverse range of crops, including
fruits, vegetables, and commercial crops. To achieve
sustainable soil management, identifying a minimal
set of key soil parameters is crucial. These param-
eters will guide informed decision-making regard-
ing soil health and its ability to support agricultural
production. Understanding the complex interplay
between traditional land-use practices and their
influence on these soil quality pointers is essential.
This knowledge will pave the way for the development
of effective and sustainable soil management strategies
in these ecologically vulnerable regions. The present
study addresses this critical need. This study has two
primary objectives. The first is to identify a minimal
set of key soil parameters that exert a significant
influence on soil quality within the agricultural and
forestry ecosystems of the mid-hill region. The sec-
ond objective is to develop a robust methodology for
constructing an SQI precise to this region.

https://doi.org/10.17221/6/2025-SWR

MATERIAL AND METHODS

Studied site. The experimental farm of ICAR Re-
search Complex for North East Hill Region, along
with farmers’ fields in the Leparada and West Siang
districts of Arunachal Pradesh, was selected for
the present investigation (Figure 1). This region
lies between longitudes 93.57°E to 95.23°E and lati-
tude 27.69°N to 29.20°N. It extends over an area
of 7 643 km? and shares its border with East Siang
and Upper Siang districts to the east, Upper Sub-
ansiri district to the west, China to the north, and
Assam to the south (Table 1). The soil of this region
is under Ultisols and Inceptisol soil orders, with
kaolinite as the dominating clay mineral. As per the
World Reference Base soil classification, this region
has red soil type, and subtype is Acrisols.

Soil handlings. Georeferenced surface samples
collected from eight different land use locations viz.
natural forest (NF), current jhum cultivation (JC),
fallow jhum land (FJC), and pineapple cultivation (PA)
ona50 x 50 m grid and divided into three parts. Four
land uses, sixteen sampling sites, and three replica-
tions made up the 192 composite samples that were
collected. To analyse chemical properties like soil pH,
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Figure 1. Location of the study sites in Arunachal Pradesh, India

This map was prepared by the first author, Jitendra Kumar, with the help of ArcGIS 10.4 (http://www.esri.com/software/arcgis)
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Table 1. Site history and characteristic features of different land use systems in our study
Land use system Background information Latitude Longitude  Altitude (m)
current year of jhum, the jhum cultivation is a tradi-
Jhum cultivation (JC) tional shifting cultivation practice that entails 27.9664 94.6931 646
burning forests to make way for agricultural land
Fallow jhum .
cultivation (FJC) fallow from last two years after two-year jhum 27.9661 94.6978 647
Pineapple (PA) jhum land.settle for pineapple cultivation 97 5703 94,6708 711
in the last seven-year
Natural forest (NF) naturally grown forest of unknown history 27.9422 94.7006 743

soil organic carbon (SOC), carbon fractions, available  a 2.00-mm sieve. In order to ascertain the biologi-

nitrogen (N), available phosphorus (P), exchange-
able potassium (K), diethylenetriaminpentahacetic
acid (DTPA)-extractable zinc (Zn), iron (Fe), man-
ganese (Mn), and copper (Cu), a portion of the soil
sample was air-dried, ground, and sieved through

cal characteristics of soil microbial biomass carbon
(SMBC) and soil dehydrogenase activity (DHA),
the second portion was placed in a deep freezer
after passing through a 0.5 mm screen. Reduction
of 2, 3, 5-triphenyl tetrazolium chloride was used

Table 2. Laboratory protocol for estimating soil parameters

Parameters Abbreviation (unit) Analytical method Reference

gravimetric with oven

1 0,
1 available water content AWC (%) drying method Gong et al. (2015)
2 Physical water holding capacity WHC (%) Keen boxes Richard (1954)
3 parameters clay content (texture) CC (%) international pipette method Page et al. (1982)
4 bulk density BD (mg/m?) core method Blake and Hartge (1986)
5 porosity PORE (%) indirect method Blake and Hartge (1986)
6 available nitrogen AN (kg/ha) alkaline KMnOs method ~ Subbiah and Asija (1956)
7 available phosphorous AP (kg/ha) Olsen method Olsen et al. (1954)
8 available potassium AK (kg/ha) flame photometer Jackson (1973)
9 DTPA extractable zinc Zn (mg/kg)
10 DTPA extractable Mn (mg/kg) . . .
mangnease 8/Kg atomic absorption Lindsay and Norvell
spectroscopy (1978)

11 DTPA extractable iron Fe (mg/kg)
12 Chemical DTPA extractable copper Cu (mg/kg)
13  parameters pH pH (-) 1:2 soil/water Thomas (1996)
14 soil organic carbon SOC (%) wet digestion method Walkley and Black (1934)
15 very labile VL (mg/g)
16 labile L (mg/g)
17 less labile LL (mg/g) modified

) Walkley-Black Chan et al. (2001)
18 non-labile NL (mg/g) method
19 active pool AP (mg/g)
20 passive pool PP (mg/g)
91 S(.)ll microbial carbon SMBC ' chloroform fumigation- Vance et al. (1987)

Biological biomass (ng/dry soil) extraction method
parameters . DHA 2, 3, 5-triphenyl tetrazolium .

22 dehydrogenase activity (1g TPE/g soil h) chloride method Casida et al. (1964)

DTPA — diethylenetriaminpentahacetic acid
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to measure dehydrogenase activity (Casida et al.
1964). Using a standard curve of triphenyl formazan
(TPF) in methanol, DHA activity was computed
and reported as pg TPF/g soil h. The chloroform
fumigation-extraction method (Vance et al. 1987) was
utilised to determine SMBC, which was expressed
in pug/dry soil. Physical characteristics of the soil,
including bulk density, particle size distribution,
water-holding capacity (AWC), porosity, and plant-
available water capacity, were analysed in the third
section. The characteristics of the soil and the analyti-
cal techniques employed are listed in Table 2. The wet
digestion method was used to determine the Walkley
and Black oxidizable carbon (WBC) content (Walkley
& Black 1934). The other soil nutrient, viz., potas-
sium permanganate oxidizable soil N (KMnO4-N)
(Subbiah & Asija 1956), available phosphorus (Olsen
et al. 1954). Available K (Hanway & Heidal 1952)
in the soil was estimated using a standard technique.

Soil quality assessment. Using the correspond-
ing conventional laboratory procedures, twenty-two
soil quality parameters — physical, chemical, and
biological — were investigated for each sampling plot
(Table 2). To investigate the impact of different land
uses on soil properties, an ANOVA was performed
on all twenty-two parameters. To estimate the SQI,
only indicators that demonstrated a significant dif-
ference (P < 0.05) among the four land uses were
included in the total data set (TDS). Utilizing the
scoring function analysis framework, the SQI was
computed through three distinct steps: (1) identifica-
tion of the minimum data set (MDS) of indicators from
the complete dataset; (2) application of the standard
scoring function to assign scores to the identified
minimum dataset of indicators, and (3) integration
of the individual indicator scores to derive a unified
relative SQI value (Andrews et al. 2004; Raiesi 2017).

To determine the MDS of soil metrics that represent
important facets of soil quality, the principal compo-
nent analysis (PCA) technique was utilised. A stand-
ardised data matrix that included the complete dataset

https://doi.org/10.17221/6/2025-SWR

was used for the analysis. For additional examination,
principal components (PCs) whose eigenvalues could
account for at least 5% of the overall variability in the
data were chosen. Parameters that had loading val-
ues within 5% of the maximum absolute loading for
each PC were taken into consideration for the MDS.
To address potential redundancy within the MDS,
Pearson’s correlation analysis (Andrews et al. 2002)
was applied to highly loaded parameters. If these
parameters exhibited low correlation coefficients,
indicating distinct information content, both were
retained in the MDS. Conversely, only the parameter
with the highest absolute loading was included when
highly loaded parameters were highly correlated. Fol-
lowing the selection of the MDS, each soil parameter
was transformed into a unitless score ranging from
0 to 1. This conversion employed linear or non-linear
scoring functions adapted from established methods
(Andrews et al. 2002, 2004; Askari & Holden 2015;
Raiesi 2017). The most appropriate scoring method
was selected and interpreted based on the intended
purpose of soil sustainability and productivity. Scoring
curves such as “Less is better” and “More is better”
were applied for parameters depending on whether
a soil parameter was deemed favourable for soil qual-
ity in descending order (less is better) or ascending
order (more is better), as outlined in Table 3. For linear
scoring, “less is better’ (Equation 1), or “more is bet-
ter (Equation 2). The following functions are used:

S, = *;in (1)
Y

SL - Ymax (2)

where:

81 — the linear score of the soil parameter;

Y - the soil parameter value;

Ymax Ymin — the maximum and minimum values of each
soil parameter studied among the four-land use
(Askari & Holden 2014; Raiesi 2017).

Table 3. Soil scoring curves for linear and non-linear equations based on critical and optimum limit

Linear

Non-linear

Parameters Scoring curve Optimum Weight
YMax YMin mean Yy, slope (b)

DHA more is better 62 41 49.68 -2.5 0.73

DTPA-Fe optimum is better 33.88 13.5 23.00 2.5 4.5 0.19

BD less is better 1.41 0.98 1.19 2.5 0.08

DHA - dehydrogenase activity; DTPA-Fe — diethylenetriaminpentahacetic acid extractable iron; BD — bulk density
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For nonlinear scoring, the following sigmoidal
function (Equation 3), was employed:

2 3)

SINT—F o
1+[ij
Ym

where:

SN — the non-linear score of the soil parameter;

Ym - the mean value of each soil parameter;

a  — the highest score achieved by the function which
is equal to 1 in this study;

b - theinclination or slope of the equation and is fixed
as 2.5 for a “less is better” curve and —2.5 for “more
is better” curve (Bastida et al. 2006; Raiesi 2017).

The converted parameter scores were combined
into a relative SQI using an additive (Equation 4), and
weighted additive (Equation 5) methods as follows:

SQI, = Z(%) (4)
i=1

SQly = Y W;xS, (5)
i=1

where:

SQI4, SQIw — the additive and weighted additive soil
quality indices, respectively;

S; — the parameter score (linear or non-linear);

n — is the number of soil parameters in the MDS;

W; — the value of the weighted soil parameters estimated
from the variation of each respective PC in per-
centage and normalized to one (Andrews et al.
2002; Askari & Holden 2014).

Four SQIs — the linear scoring-additive integration
method (SQLAI), the linear scoring-weighted addi-
tive integration method (SQLWAI), the nonlinear
scoring-additive integration method (SQNLAI), and
the nonlinear scoring-weighted additive integration
method (SQNLWAI) — were compared in this study
based on the combination of integration methods
and parameter scoring functions. Greater SQI values
indicate healthier soil and reflect the beneficial effect
of land-use changes on soil processes such as cycling
of nutrients, enhanced soil resistance and resilience
to change, improved soil fertility and productivity,
and greater tenability of the soil (Raiesi 2017).

Sensitivity index (SI). Each soil parameter’s SI
Raiesi (2017) was calculated by dividing the values
found in natural forests by the comparable values

found in jhum land. When land use changes from
natural forest to jhum farming, a movement in soil
characteristics toward deterioration is indicated by an
SI value larger than one. For instance, an SI value
of 1.3 signifies a 30% reduction, while an SI value
lower than one suggests a change in soil parameters
toward improvement. For example, an SI value of 0.7
indicates a 30% increase in soil parameters due to the
transition from natural forest to jhum cultivation.
A 30% deviation in the SI value in either direction
implies that the parameter is highly sensitive to land
use transformation.

Analysis of statistics. The SAS statistical soft-
ware (Ver. 9.3, 2011) tool was used to statistically
evaluate all of the soil parameter data. Normality
and equal variance tests were performed in order
to satisfy the statistical analysis’s presumptions.
The impacts of land use on all soil characteristics
and SQIs were assessed using a one-way analysis
of variance (ANOVA) in a completely randomised
manner. The mean difference between land uses was
estimated using the least significant difference test
(LSD). The analysis’s significance level was set at 5%
(P < 0.05). Soil characteristics and SQI coefficients
were correlated using Pearson correlation matrices,
with significance values set at 5% (Pb < 0.05) and 1%
(Pb < 0.01) levels. The coefficient of variance (CV)
was used to calculate each SQI’s difference and dis-
persion. Figure 2 shows the percentage contribution
of each chosen indicator for the various land use types.

RESULTS

Land use viz-a-viz on soil parameters and sensi-
tivity index. In the West Siang region of Arunachal
Pradesh, India, the impact of land use on soil quality
measures was examined. As promising markers of the
soil quality of the chosen land use categories, a total
of 22 soil metrics were examined (Table 3). 19 of the
22 characteristics were found to be substantially
(Pb < 0.05) influenced by land use, according to the
ANOVA results; as a result, these parameters were
retained as part of the entire dataset for the PCA. The
19 soil parameters included were AWC, WHC, BD,
PORE, AN, AP, AK, Zn, Mn, Fe, Cu, pH, SOC, VL, L,
NL, AP, SMBC, and DHA. Different land uses exert
varying influences on soil characteristics. However,
some soil parameters, such as BD, CC, AK, Fe, Cu,
LL, PA, and AP, showed similar trends for different
land use types. Specifically, the lowest values for all
other indicators were observed under jhum land use,
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Figure 2. Percentage contribution of selected soil indicators of the minimum data set in various soil quality indices
SQLALI — the linear scoring-additive integration method; SQLWALI — the linear scoring-weighted additive integration method;
SQNLALI - the nonlinear scoring-additive integration method; SQNLWAI — the nonlinear scoring-weighted additive integration
method; JC — jhum cultivation; FJC — fallow jhum land; PA — pineapple cultivation; NF — natural forest; BD — bulk density;
DHA- dehydrogenase activity

Table 4. Measured potential soil quality indicator as affected by the land use

S.No. Parameters JC FJC PA NF LSD SD SI

1 AWC 20.6° 24.8° 23.8P 28.6° 1.92 4.66 1.39
2 WHC 38P 40P 41> 442 2.21 2.55 1.07
3 cC 46 44 44 49 7.66N° 2.48 1.06
4 BD 1.40? 1.072 1.272 1.01° 0.21 0.22 0.72
5 PORE 43P 445 445> 49 1.44 2.26 1.14
6 AN 219¢ 237° 221¢ 283? 5.85 29.07 1.29
7 AP 11.8° 15.1* 17.5% 16.52 2.86 3.78 1.40
8 AK 2602 207° 209° 266° 13.6 29.72 1.02
9 Zn 0.46 0.36° 0.41° 0.29° 0.12 0.48 0.63
10 Mn 3.53¢ 7.320 7.29° 11.692 2.08 3.16 3.31
11 Fe 22.15° 22.56P 31.622 15.67¢ 2.77 6.09 0.71
12 Cu 0.13? 0.122 0.05? 0.11° 0.11 0.26 0.85
13 pH 4.504 4.95P 4.70¢ 5.07* 0.12 0.24 1.13
14 SOC 1.19¢ 1.24¢ 1.79° 2.43° 0.18 5.15 2.04
15 VL 5.48P 4.70° 6.25" 13.09* 5.02 2.98 2.39
16 L 2.42 3.25 4.32 5.07 2.55 1.11 2.10
17 LL 5.22 2.66 1.77 4.89 3.95N8 1.68 0.94
18 NL 10.10¢ 12.57° 15.112 16.67° 4.01 2.01 1.65
19 PA 7.90 7.95° 10.57° 18.16% 5.82 3.78 2.30
20 PP 15.32 15.23 16.88 21.56 6.58N8 2.97 1.41
21 SMBC 3094 355¢ 439° 516° 33.9 73.75 1.67
22 DHA 43.7¢ 44¢ 49.7° 61.7 5.13 7.76 1.41

JC — jhum cultivation; FJC — fallow jhum land; PA — pineapple cultivation; NF — natural forest; LSD — least significant difference;
SD - standard deviation; SI — sensitivity index; NS — non significant; at P < 0.05, values that share lowercase letters across rows

(land uses) do not differ significantly; see Table 2 for explanation of parameter abbreviations
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while the highest values were recorded in natural forest
areas. Notably, the highest copper (Cu) content was
observed in jhum land use, whereas iron (Fe) content
was highest in pineapple cultivation areas (Table 4).
The SIvaried from 0.62 to 3.31. The SI was found more
than 1 in some soil parameters such as Mn content
(3.31), very labile carbon (2.39), passive pool (2.30),
labile pool (2.10), SOC (2.04), SBMC (1.67), and DHA
(1.41), which indicates a decrease of these parameters
from the transformation of natural forest to jhum
system. These reductions highlight the detrimental
effects of jhum practices on soil organic matter content,
microbial activity, and overall soil health. Conversely,
some soil parameters exhibited SI values less than 1,
such as bulk density (0.72), Zn (0.63), Fe (0.71), and
less labile carbon (0.94), indicating an increase in the
value of these soil parameters during the transition
from natural forests to jhum systems.

Minimum data set and SQI calculation. In PC1, the
highest weighted parameters were found with DHA
0.268 (Table 5), which was significantly (P < 0.05)
correlated with each other (Table 5); therefore, it was
chosen for MDS in PC1. Among PC2, Fe showed the
highest loading factor of 0.48, whereas in PC3, the
bulk density of 0.463 showed the highest loading
factor, and all three were significantly (P < 0.05) cor-
related with each other (Table 6). Therefore, DHA,
Fe, and BD were chosen as the MDS.

In PC1, the highest weighted parameter was DHA
0.268 (Table 5, Figure 3), and they were significantly
(P < 0.05) correlated with other soil parameters (Ta-
ble 5); therefore, this parameter was chosen for MDS
in PC1. Among PC2, Fe showed the highest load-
ing factor of 0.48, whereas in PC3, the bulk density
of 0.463 showed the highest loading factor, and all
three showed a significant (P < 0.05) correlation with

Table 5. Loading coefficients (eigenvectors) of soil quality parameters of the total data set, their eigenvalues, and the

percentage of total variance explained by each factor

PC1 PC2 PC3 PC4 PC5
AWC 0.2605 —-0.06 -0.18 —-0.07 —-0.06
WHC 0.1797 0.39 0.003 —-0.066 -0.09
BD —-0.22 0.039 0.463 0.058 0.038
PORE 0.2637 0.092 0.056 -0.077 -0.09
AN 0.2555 0.149 -0.1 —-0.077 —-0.08
AP 0.2563 0.053 0.229 —-0.074 -0.09
AK 0.0866 0.448 0.333 —0.043 —-0.08
Zn —-0.252 0.002 0.278 0.0692 0.061
Mn 0.2631 —-0.09 —-0.09 —-0.069 —-0.07
Fe -0.11 0.48 0.001 0.0113 -0.01
Cu —-0.026 0.473 —-0.35 —-0.011 —-0.02
pH 0.2289 —-0.05 —-0.42 —-0.06 —-0.04
SOC 0.2645 0.084 0.05 -0.077 0.956
VL 0.2483 0.128 0.237 -0.075 -0.1
L 0.2417 -0.2 0.163 —-0.06 -0.06
NL 0.2373 -0.23 0.126 —-0.057 -0.06
AP 0.2563 0.053 0.229 —-0.074 -0.09
SMBC 0.2483 -0.15 0.206 —0.064 -0.07
DHA 0.268 0.039 0.003 0.9627 0
Eigenvalue 13.87 3.6224 1.5078 0 0
Difference 10.247 2.1146 1.5078 0 0
Proportion 0.73 0.1907 0.0794 0 0
Cumulative 0.73 0.9206 1 1 1

Boldface factor loadings are considered highly weighted; the first three principal components (PC) are considered highly wei-

ghted and included in the minimum data set; see Table 2 for explanation of parameter abbreviations
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Figure 3. Biplot diagram
of different soil quality pa-
rameters

NF See Table 2 for explanation
of parameter abbreviations

27 H AK
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each other (Table 6). Therefore, these three DHAsS,
Fe, and BD, were chosen for the MDS.

Equations (1), (2), and (3) were used to convert
all soil characteristics in the MDS using linear and
nonlinear scoring functions. A “more is better” curve
was applied to the DHA indicators, while a “less
is better” curve was applied to the Fe content pa-
rameters, taking into account the role that MDS
parameters have on soil function. Since the concen-
tration of micronutrients over the critical limit was
deemed sufficient (i.e., optimal) and that below the
critical limit was deemed insufficient, the availability

2.5 5.0

ofiron in this study was higher than the optimal value
(4.5 mg/kg). Deficit and sufficiency of accessible Fe
(4.5 mg/kg) (Lindsay & Norvell 1978) were deemed
optimal based on this rationale. The “more is bet-
ter” scoring approach is employed; wherein higher
values are considered favourable up to an optimum
level. However, beyond the optimum level, higher
values are scored as “less is better” (Liebig et al.
2001; Mandal et al. 2011; Singh et al. 2014). Based
on the percentage of variation to total variance, each
PC’s weight varied between 0.08 and 0.78. The trend
of the MDS weighted factor is PC1 (0.73) > PC2

m)C mEFC mPA mNF

F=71.56,P < 0.001

1.000 , CV=3%
a
0.800 c F=99.26, P <0.001
: 1 CV=32%
0.600 b
0400 |
0200
0.000

SL SLN

F =60, P<0.001 a
CV=34%
F=62.40, P <0.001
CV=44

SLW SLNW

Figure 4. Comparing the soil quality of the indices created for this study across various land uses

JC — jhum cultivation; FJC — fallow jhum land; PA — pineapple cultivation; NF — natural forest; SL — simple linear; SLN — simple

non linear; SLW — simple linear weighting; SLN'W — simple nonlinear weighting; at P < 0.05, there is no significant difference

between values with the same lowercase letters among land uses
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Figure 5. Pearson correlation matrix of the total data set

See Table 2 for explanation of parameter abbreviations

(0.19) > PC3 (0.08). The variance in each PC was
used to determine the weights of the soil indicators
(Table 6 and Figure 5). Due to its highest weighting,
DHA contributed the most to SQI, followed by Fe and
BD. Finally, a comparative SQI was computed using
an additive (Equation 4), and the weighted additive
(Equation 5) methods as given below:

SLA and SNLA = (Spa+Sre+Sgp)/3 (6)

SLWA and SNLWA = (0.73 x Spya) + (0.19 x Sge) + )
+ (008 X SBD)

where:

SLA - simple linear additive;

SNLA - simple nonlinear additive;

188

SLWA
SNLWA - simple nonlinear weighting additive.

— simple linear weighting additive;

Influence of land use on various SQIs. The value
of the SQI is significantly (P < 0.05) influenced by the
various land uses, and it varied from 0.60 to 0.85,
0.37 t0 0.58,0.65 t0 0.92, and 0.40 to 0.62, for SQLAI,
SQNLAI, SQLWAI, and SQNLWAI, respectively
(Table 7). In both the weighted additive and ad-
ditive methods, the linear SQI had a wider range
of values than the nonlinear SQI. Additionally, the
coefficient of variation (CV) and F-values associated
with the non-linear SQNLAI and SQNLWAI were
higher than those of the linear SQLAI and SQLWALI
(Figure 4). This suggests that the nonlinear SQI
methods demonstrate greater sensitivity to land
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Table 7. Pearson correlation matrix of different soil quality
index methods

Table 8. Various soil quality indices (SQI) of different land
use

SQLAI SQNLAI SQLWAI  SQNLWAI SQLAI ~ SQNLAI SQLWAI SQNLWAI
JC 0.60 0.37 0.65 0.40 SQLAI 1.000
FJC 0.74 0.50 0.71 0.45 SQNLAI 0.997***  1.000
PA 0.82 0.57 0.84 0.56 SQLWAI 0.94* 0.91%** 1.000
NF 0.85 0.58 0.92 0.61 SQNLWAI  0.95"** 0.93%** 0.997***  1.000

SQLAI - the linear scoring-additive integration method;
SQLWALI — the linear scoring-weighted additive integration
method; SQNLAI — the nonlinear scoring-additive integration
method; SQNLWALI — the nonlinear scoring-weighted additive
integration method; JC — jhum cultivation; FJC — fallow jhum
land; PA — pineapple cultivation; NF — natural forest

use management practices. Conversely, the F-values
of the linear methods were lower than those of their
nonlinear counterparts.

In this study, the highest SQI range with the largest
F-value (Figure 3) was found for the SQNLAI This
suggests that the weighted-additive strategy is less
susceptible than the nonlinear approach. The four
SQIs showed a substantial positive link with one an-
other, according to the Pearson correlation matrices
among the SQIs (Table 8). Among the various land
use types, all of the SQIs showed significant differ-
ences (Figure 3, P < 0.001). The analysis of the four
SQIs revealed that there were notable differences
in the soil quality across the four land uses. However,
compared to jhum, fallow jhum, and pineapple land
usage, the natural forest’s soil quality was noticeably
superior.

DISCUSSION

Different land uses viz-a-viz soil quality indica-
tors. Conversion of NF to JC, FJC, and PA cultivation
had significantly decreased SOC, AN, and AP in the
study area. The observed patterns can be attributed
to the decline in organic matter input and the removal
of vegetation cover, which contribute to erosion loss
(Kumar et al. 2017). Natural forests have very high
litterfall that covers the soil surface and behaves like
mulch along with increasing soil organic matter (Ku-
mar etal. 2021). Consequently, SOC content in natural
forest areas tends to be high. However, when such
land is converted to shifting cultivation practices like
jhum, SOC content experiences a significant decrease
due to forest burning. The process of forest burning
leads to the oxidation of organic matter, resulting

SQLAI - the linear scoring-additive integration method;
SQLWALI — the linear scoring-weighted additive integration
method; SQNLAI — the nonlinear scoring-additive integration
method; SQNLWALI — the nonlinear scoring-weighted additive
integration method

in a reduction in SOC content (Jitendra et al. 2017).
The AK remains at par with natural forest soils. This
is because of the addition of K minerals due to the
burning of forests (Kumar et al. 2017). A significantly
higher AP (16.5 kg/ha) was found in the pineapple land
use system, followed by natural forest and fallow jhum
land, and the lowest was recorded in jhum cultivation
(11.5 kg/ha). The extensive root systems and greater
exudates from the various vegetation species in the
natural forest may have contributed to the natural
forest’s noticeably higher pH, which in turn affected
soil fertility (Chen et al. 2017). The lowest pH was
found in the Jhum land-use system, followed by the
pineapple land-use. Similar to this study, Kumar et al.
(2020) reported that the pH of horticulture-based
land use improved over jhum land use. Owing to the
acidic pH, the micronutrient content was recorded
beyond the optimum level. The highest DTPA-Fe
(4.5 mg/kg optimum) was recorded in pineapple land,
whereas the lowest was found in natural forests. The
Mn content was also recorded beyond the optimum
level; however, Zn and Cu are found at the optimum
level. Variations in soil pH due to continuous jhum
cultivation on the same land and their management
practices following various land-use types have also
been reported by other researchers (Parras-Alcantara
etal. 2016; Orgill et al. 2018). The natural forest land
use had the lowest bulk density, jhum had the high-
est, and SOC displayed the reverse tendency when
compared to the other land-use systems in our study.
These results are consistent with those of Sharma
et al. (2010), who discovered a negative correlation
between bulk density and soil organic carbon in the
western Himalayan soils. The AWC values ranged
from 20% to 28.6%. The maximum AWC was observed
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in the natural forest (28.6%), and the lowest AWC was
recorded in the jhum cultivation, while in the fallow
jhum (24.8%), it was significantly at par with that
of pineapple (23.8%). The AWC followed a similar
trend to that found in the case of the BD, indicating
that the BD is highly positively correlated between
the AWC and WHC. However, it is well established
that BD and SOC are negatively proportional (Post
& Kwon 2000; Pulido-Ferndndez et al. 2013).

Soil microbial carbon biomass and dehydrogenase
were also highest in the natural forest and lowest
in the jhum land use, owing to the biological activities
caused by the presence of the highest amount of soil
organic carbon. Furthermore, jhum had deleterious
impacts on the land’s preparation for cultivation,
which may have led to a greater loss of the soil's AC
pool (Yao et al. 2010). Very labile (VL) and labile (L)
showed a similar trend and were found to be highest
in the natural forest, whereas the lowest was found
in the jhum land use. However, the less labile (LL)
and non-labile (NL) fractions showed no trend, even
though the natural forest had the highest non-labile
fraction of soil carbon.

Due to the substantial input of plant litter and
protection of additional carbon, which raised micro-
bial activity and thus enhanced very labile carbon,
natural forest and pineapple land-use systems have
significantly greater very labile carbon percentages
than fallow land. Because of its adsorption on tiny
particles, the non-labile carbon fraction is resistant
to soil management practices and the breakdown
of soil microorganisms (Sherrod et al. 2005; Sainepo
etal. 2018). The current analysis found that land use
had a significant impact on MBC and DHA operations.
Jhum and fallow jhum had the lowest MBC, while the
natural forest had the highest, followed by pineapple
land use. Numerous studies have documented a de-
crease in microbial biomass following a fire, which
is consistent with our findings (Holden & Treseder
2013; Girona-Garcia et al. 2018). The loss of plant
cover and SOC from the soil surface causes the soil
microbial biomass content to drop in deforested areas.

Selection of MDS and soil quality evaluation.
The PCA results indicate that in PC1, AWC, SOC,
SMBC, and DHA showed high loading and explained
73% of the variation among these parameters; DHA
found the highest loading with a significant corre-
lation coefficient with the remaining total data set
parameters; therefore, from PC1, DHA was chosen
as the MDS. Similar to our study, Salazar et al. (2011)
widely studied DHA with other soil parameters and
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reported that soil dehydrogenases are sensitive and
useful indicators of changes in soil quality. Bandick
and Dick (1999) also reported that the DHA is a po-
tential indicator of soil quality due to its sensitivity
towards the alteration in soil management as com-
pared to other soil biological properties. Alef (1995),
Garcia et al. (1997) and Skujins (1973) reported that
DHA activity is a viable index of the oxidising pro-
cesses occurring within the soil. Therefore, it may
be a good indicator of microbial reactions in soil
(Skujins 1976). Soil DHA activity acts as a sensor
of soil degradation because it is strongly associ-
ated with the microbial status, soil physicochemical
conditions (Aon & Colaneri 2001), nutrient cycling,
fertiliser management, carbon cycles, and soil or-
ganic matter (SOM) (Bloniska et al. 2016). In PC2,
nutrient content, such as Fe and Cu, and Available
Potash showed high loading and explained 19% of the
variation; however, the Fe content was the highest
among them. Therefore, in PC2, only the Fe content
was retained for the MDS. The pH and redox condi-
tions are the two important factors that govern the
dynamics of Fe availability in soil. Due to the lower
pH in our study, the concentration of iron was more
than the critical level, and in PCA analysis, it was
represented in PC2. Similar to our study, Zhou et al.
(2022a) assigned DTPA-Fe in a minimal dataset
based on PCA. However, contrary to what our study
represented in PC1, this was found in PC2. In PC3,
the highest bulk density was recorded, explaining
8% of the variation. Therefore, the bulk density was
maintained in the MDS. Soil bulk density is a crucial
physical parameter that indicates the status of soil
fertility and crop productivity. Similar to our study,
Zhou et al. (2022b) also included bulk density in MDS
in PC3, while Askari and Holden (2014) included BD
in PC2. This is also an indicator of soil mechanical
resistance to root growth, and hence, soil compac-
tion (Castellini et al. 2015). SOC and bulk density
are negatively correlated (Wang et al. 2011). A lower
bulk density indicates a higher amount of SOC, and
vice versa, and plays a decisive role in many soil
functions, including soil aggregation, nutrient cy-
cling, nutrient storage, and as a source of food for
soil microorganisms (Nieder & Benbi 2008). Bulk
density differed significantly with the land-use sys-
tem. Under natural forest, it was significantly lower
than that under cultivated land, which might be the
result of the accumulation of higher organic matter
from litterfall. This results in better aggregation and
lower compaction of the soil owing to the reduction
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in SOC concentration (Abbasi & Tahir 2012). The
selected soil parameters indicate that they are very
important for enhancing soil sustainability. The
remaining soil parameters had less factor loading
or were less correlated, indicating that these were
relatively less important and, therefore, not chosen
for the MDS. The computed SQIs of different land
uses were compared with the mean SQI values under
the NE. These values were significantly higher than
those in JC, FJC, and PA, indicating that the conver-
sion of perennial natural forests to shifting cultiva-
tion degraded the soil quality. However, comparing
the soil quality of PA and FJC, the soil quality was
improved compared to that of JC, indicating that if
the shifting land was left for rejuvenation or used
for horticulture-based cultivation, their soil quality
improved considerably. The higher SQI values under
NF, PA, and FJC might be due to the increase in above-
and below-ground biomass, which regularly added
organic matter into the soil and decreased the rate
of soil nutrient loss by reducing soil erosion in hor-
ticulture and forestry-based land use systems. The
differences in SQI are contributed by the MDS (DHA,
Fe content, and BD), as these three soil indicators
are affected by the land-use system. Improved DHA,
a reduction in bulk density, and preservation of the
soil’s iron content are the outcomes of the forest land
use system’s favourable conditions for microbial activ-
ity. NF had a substantially higher SQI than JC, FJC,
and PA. The optimum land use pattern to preserve
soil quality, based on the SQI values in the current
study, was NF land use, which had the highest SQI
value. The quality of the soil varied significantly
between JC and FJC (Figure 3). FJC improved the
SQI by increasing the DHA and decreasing the bulk
density. The enhancement in SQI observed in the FJC
was minimal, primarily due to the short fallow period
of just two years following the initiation of farming
after jhuming.

The development of a SQI that utilizes the entire
dataset may yield more comprehensive outcomes.
However, reducing the number of indicators by em-
ploying a Minimum Data Set (MDS) approach is less
time-consuming and cost-effective (Qi et al. 2009).
The linear approach for calculating SQI, as suggested
by Masto et al. (2008) due to its simplicity and ease
of partitioning, contrasts with the nonlinear method
recommended by Sinha et al. (2009), Zhang et al.
(2011), and Li et al. (2013) as a suitable method for
indexing soil quality SQI. The estimation of SQI
using linear equations resulted in greater variation

(Table 7) among the SQIs of different land uses com-
pared to the nonlinear approach. This suggests that
nonlinear indices may better represent the system
functions than linear indices (Andrews et al. 2002).

CONCLUSION

Our analysis revealed that 19 out of the 22 soil
parameters measured were significantly impact-
ed by land-use conversion in the mid-hill region
of Arunachal Pradesh. The PCA technique identified
DHA, DTPA-Fe content, and bulk density as the most
potent and persistent indicators of land-use change
on soil quality. Furthermore, the development of four
SQIs employing both linear and non-linear scoring
functions, alongside additive and weighted additive
methods, yielded valuable insights. Non-linear SQIs
(SQNLAI and SQNLWALI) exhibited higher CVand
F-values than their linear counterparts (SQLAI
and SQLWAI). This suggests a greater sensitivity
of non-linear SQIs to land-use management practices.
As aresult, non-linear methods might offer a more
useful instrument for evaluating the soil quality
in this area. All four land-use types (natural forest,
jhum, pineapple, and fallow jhum) had significantly
different SQI values (P < 0.001), according to our
analysis of the relationship between land use and
soil quality. Furthermore, the gradual deterioration
of soil quality from natural forest to jhum cultivation
was evident from the calculated SQI. These find-
ings highlight the urgency of establishing a critical
SQI threshold for the mid-hill region of Arunachal
Pradesh. Once established, this threshold can serve
as a crucial reference point for implementing com-
prehensive strategies to prevent further soil quality
degradation. Based on this result, we can recommend
that the forest is best maintained to maintain the
soil quality. Further, if jhum cultivation is adopted,
we should give sufficient time to regain the soil
quality status. [ also recommend that the local poli-
cymakers facilitate the horticulture-based land use
system rather than going again and again and shift-
ing agriculture and Sustainable land management
plans can be ensured by the efficient evaluation and
comparison of soil quality across various land use
scenarios by nonlinear SQIs.
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