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Inappropriate management of land use systems is one of the main factors that leads to soil quality degradation and its quantification is crucial to their sustainable utilization planning. The objective of the research is to evaluate how various land-use systems, viz., natural forest, tree plantations of Tectona grandis, Terminalia bellirica, Swietenia macrophylla, Artocarpus hirsutus, Melia dubia based agroforestry system, horticulture (Mangifera indica) and agriculture systems impact the soil physicochemical and biological characteristics in semi-arid climatic conditions of India. Principal component analysis followed by linear and non-linear scoring methods was employed to compute the soil quality index (SQI). The soil attributes viz., dehydrogenase activity, acid phosphatase activity, soil available nitrogen, potassium, calcium, porosity, and soil available iron emerged as significant indicators for assessing the soil quality. Among different SQIs, non-linear weighted SQI can efficiently assess soil quality. Based on the non-linear weighted SQI, the order of the systems studied was natural forest (0.973) > Swietenia macrophylla (0.756) > agroforestry (0.737) > agriculture (0.556) > Tectona grandis (0.416) > Terminalia bellirica (0.373) > Artocarpus hirsutus (0.343) > Mangifera indica (0.208). The study concludes that converting natural forests into different land-use systems deteriorated the soil quality. Identifying soil indicators will help rapidly diagnose soil degradation, assess soil-based ecosystem services, and design appropriate land management practices in the future.
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1 Introduction

Soil is one of the vital component of the terrestrial ecosystem that has an indirect and direct impact on all living forms. Soil health has been one of the critical deciding factors in the success or failure of human civilization. There has been wide-scale deforestation over the years to meet the growing needs of food, fodder, and timber due to the increasing population and urbanization. Continuous deforestation converted natural forests into different land uses like tree plantations, horticulture, agroforestry, agriculture, etc. To meet the production goals, the farming community has opted for improper soil management and land use techniques, such as monoculture, intensive cropping patterns with heavy mechanization, and injudicious usage of agri-chemicals (Chandel et al., 2018). Soil health and sustainability have always been out of context in this due course of development. Unscientific agricultural intensification to achieve self-sufficiency has damaged soils and accelerated its degradation (Jinger et al., 2023). The two main forms of degradation linked with poor soil management practices in semi-arid environments are soil nutrient depletion and soil physical deterioration (Jien and Wang, 2013; Ghaemi et al., 2014; Trivedi et al., 2016; Chemeda et al., 2017; Jinger et al., 2023). Different vegetation types can significantly alter the physical, chemical, and biological aspects of the soil (Tauqeer et al., 2022). They can have long-term effects on soil characteristics (Li et al., 2019), and these changes may be used as a crucial tool to evaluate the changes in soil quality (SQ) (Liu et al., 2018). Therefore, SQ assessments are necessary to understand the state of the soil and create more effective management strategies (Qi et al., 2009).

The soil has to be assessed regularly to monitor the change in different SQ parameters. To assess SQ, it is essential to measure every soil property that indicates a quantifiable soil characteristic impacting the soil’s capacity to fulfill a particular function (Karlen et al., 1997). Developing a soil quality index (SQI) with a minimal set of characteristics has been found to indicate the capability of the soil to perform owing to changes in the management techniques, such as land-use changes (Doran and Parkin, 1994; Karlen and Stott, 1994; Raiesi, 2017). There are fewer studies comparing the SQ under various land use systems (LUSs). Rashkow (2014) investigated the SQ of forested, converted, and cropland areas and noted that forested areas exhibited the highest level of SQ, followed by converted and it was least in cropland areas. Chandel et al. (2018) observed that the SQI in the forest was highest than any other LUS in Submontane Punjab. Zou et al. (2021) suggested that SQI was better in primary rain forest followed by rubber based agroforestry and least in monoculture rubber plantations. In another study it was observed that, soil qualities were less affected by the conversion of natural forests into tree plantations than by the conversion of cultivated areas (Zarafshar et al., 2020). A minimum dataset (MDS) of soil indicator as SOC, bulk density, CEC, pH, available potassium, and available phosphorous was developed by Hinge et al. (2019) to determine SQ under various land use and soil management and recorded the highest SQ in dense forest. Based on the MDS values of silt, pH, CEC, exchangeable potassium, and soil organic matter, Mesfin et al. (2023) determined that grassland had higher soil quality in comparison to both natural forest and cultivated land.

The SQIs are developed by different scoring techniques, such as linear and non-linear. A weighted additive SQI using MDS could quantify the adverse impacts of forest conversion to dry farming on SQ (Davari et al., 2020). Dry farming and forest removal lowered the SQ by 44.5%. A non-linear scoring of soil indicators showed a decrease in SQI due to deforestation(Nabiollahi et al., 2018). Sinha et al. (2014) identified the weighted non-linear index as the most sensitive for all agroecosystems and proposed it as a future evaluation index. Research suggests that SQIs are a valuable technique to determine the impact of land degradation and changes in land use on SQ. However, the most robust SQI method suitable to assess the effect of various LUS is still a question to be answered. Therefore, there is a need for further investigation to explore the various SQI indexing techniques in different LUSs. Many studies on SQ indexing focus on short-term effects, but there is limited research on the long-term impacts of land use change on SQ. It is crucial to comprehend the long term viability and sustainability of different LUSs. It is hypothesized that conversion of natural forests to agricultural land will deteriorate SQ. Understanding the significance of SQ, the present study was conducted with the aims (1) to assess the soil physicochemical and biological characteristics across various land-use systems and (2) to develop MDS of soil indicators and compare soil quality indexing approaches to assess SQ under tree-based LUSs.



2 Materials and methods


2.1 Description of the study area

The study was carried out at the research farm, Gandhi Krishi Vigyana Kendra, University of Agricultural Sciences (UAS), Bengaluru, Karnataka, India (Latitude: 13° 05′ North, Longitude: 77° 34′ East and Altitude: 924 msL). The mean annual rainfall of the study region is 920 mm, with a maximum temperature of 29.6°C and a minimum temperature of 18.2°C. The climate of the study region is semi-arid. As per USDA classification, soils are classified as fine, kaolinitic, isohyperthermic, Typic Kandiustalf. The soil texture varied from sandy clay to sandy clay loam. Eight prevalent land-use systems were considered to study their long-term influence on soil characteristics and SQ.

Among the eight different and distinct LUSs studied, seven were tree-based LUSs viz., natural forest, tree plantations of Tectona grandis, Terminalia bellirica, Swietenia macrophylla, Artocarpus hirsutus, Melia dubia-based agroforestry system (Melia dubia-finger millet), horticulture system (Mangifera indica) and one agriculture based LUS (finger millet) were considered for the study. These land-use systems (LUSs) were studied under similar climatic conditions with the respective crops for more than 30 years, except for the agroforestry system (around 10 years). The experimental setup provides an unique opportunity to understand the long-term influence of LUSs and management on SQ under disturbed and undisturbed conditions. The forest in the study is classified as a dry deciduous (Champion and Seth, 1968). The tree plantations (Tectona grandis, Terminalia bellirica, Swietenia macrophylla, and Artocarpus hirsutus) were established in 1986 with a spacing of 2 m × 2 m. The Melia dubia – finger millet-based agroforestry system was established 2010 at a spacing of 8 m × 5 m, and mango was planted at a spacing of 10 m × 10 m between 1974 and 1977. Agricultural land was under cultivation of finger millet (Eleusine coracana) continuously from 1974 onwards. Area under different land use systems were 1,500, 1,280, 1,600, 640 and 2,000 m2 for tree plantations, agroforestry, mango, finger millet and natural forest, respectively.



2.2 Soil samples collection and analysis

Representative soil samples from eight different LUSs were collected from 0 to 0.6 m depth following standard protocols using motorised auger. In each land use system, soil samples were collected from three random locations and in each location, soils were collected from three different depths (0–20 cm, 20–40 cm and 40–60 cm). The average value of the three depths was considered in this study. The representative soil sample collected was divided into two subsets. One subset of the sample was air-dried and passed through a 2 mm sieve. The samples were stored in a moisture-free environment for further analysis. The second subset of the sample was placed in refrigerated conditions and utilized to determine the biological properties of the soil.

The physicochemical and biological properties of soil samples were determined using standard analytical procedures. The soil pH and electrical conductivity (EC) were measured using a pH meter and a conductivity meter in 1:2 soil-to-water ratio (Jackson, 2005). The soil organic carbon (SOC) was estimated using the wet digestion method (Jackson, 1967). The soil available nitrogen (N), phosphorus (P), and potassium (K) were determined by the alkaline potassium permanganate distillation (Subbiah and Asija, 1956), Bray’s method (Bray and Kurtz, 1945) and ammonium acetate extractant method (Jackson, 2005), respectively. Soil available calcium, magnesium, sulfur, iron, zinc, copper, and manganese were determined using inductively coupled plasma optical emission spectrometry (ICP-OES) (Spectra Genesis, Germany manufacture). The Keen Raczkowski cup method was used to determine the pore space and maximum water holding capacity (MWHC) (Piper, 1966). According to the established protocol, soil dehydrogenase activity (DHA) was measured by converting 2, 3, and 5 triphenyl tetrazolium chloride (TTC) to triphenyl formazan (TPF) (Tabatabai, 1994). Acid phosphatase activity (AcidPhos) was measured using the p-nitrophenyl phosphate technique (Tabatabai and Bremner, 1969). Soil microbial biomass carbon (SMBC) was measured by chloroform fumigation and incubation method (Carter, 1991).



2.3 Soil quality index (SQI)

SQ is assessed in three steps (Andrews et al., 2002): selecting the minimum data set (MDS) using PCA and correlation, scoring soil indicators, and integrating scores to develop SQI (Figure 1). The variables with significant differences (p < 0.05) between LUSs were selected for PCA and MDS selection. The PCA was performed to analyze the relationship between these indicators using the varimax rotation technique. The PCs that explained at least 5% of the variation in the data and had eigenvalues greater than one were considered for indicator selection (Brejda et al., 2000).
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FIGURE 1
 Flow diagram for calculating the SQI.


In each PC, indicators with weighted loading values within 10% of the highest weighted loading were chosen to screen the MDS regardless of sign (Rezaei et al., 2006). A multivariate correlation was utilized to eliminate data redundancy when multiple factors were retained within a single PC. Among the highly-correlated variables (>0.60), one with higher values is only considered for MDS. Each highly weighted variable was considered significant for the MDS when they were not correlated.

For the SQI computation each observation of the MDS indicator was normalized. The normalized indicator value is referred as the “indicator score” (Si). Both linear (SL) and non-linear (SNL) scoring functions were employed to compute Si, so that the indicator values ranged between 0 and 1 (Andrews et al., 2002). In both methods, each indicator was categorized as “more is better,” “less is better,” or “optimum is better.” For “optimum is better,” indicator observations were scored as “more is better” up to the threshold level and then scored as “less is better.” Linear normalization (SL) was performed using the maximum (Xmax) and minimum (Xmin) for each soil indicator (X) (Eqs 1 and 2).
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Non-linear scores (SNL) were calculated using the average indicator value (X0) (Eq. 3)

[image: image]

Where, b is the slope assumed to be −10.5 for the positive function and +10.5 for negative function (Sinha et al., 2009; Zhang et al., 2011).

After assigning scores to each indicator, the weight was calculated using PCA’s output. To compute the weight factor for each soil indicator in a PC, the percent variation explained by the PC with the highest loading was divided by the total variation explained by all the PCs with an eigenvalue greater than 1 (Bhardwaj et al., 2011; Singh et al. 2014). The SQI is computed by multiplying each indicator’s value by its weight and integrating the result (Eq. 4).
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In addition, the following equations were utilised to compute the additive SQI (Eq. 5) (Andrews et al., 2002)

[image: image]

Where, Wi is the indicator’s PCA-based weight, Si is the indicator’s score, and n is the number of indicators. So, in the present study, four SQIs were developed.



2.4 Sensitivity analysis

The following equation (Eq. 6) (Masto et al., 2008) was used to compute the sensitivity of the SQI for detecting the effects of land use change on SQ

[image: image]

Where, SQImax represents the maximum SQI and SQImin represents the minimum SQIs observed under each indexing procedure.



2.5 Data analysis

The statistical analysis of the data pertaining to various soil attributes was conducted using R software version 4.2.2, employing a randomized block design (RBD). Means of the soil properties of different LUSs were compared by using the Tukey HSD procedure (Steel and Torrie, 1960). Pearson’s correlation coefficient determined the strength of SQ properties. The PCA was carried out using Statistical software SPSS 20.0 and the results were further used to develop the MDS by PCA for SQI development. Descriptive statistics and one-way analysis of variance (ANOVA) were applied to the SQI under different land uses. A radar plot presents the percentage contribution of each indicator to the SQI in different LUSs.




3 Results and discussion


3.1 Effect of land use systems on soil indicators


3.1.1 Soil chemical properties

The soil pH of natural forest (6.73) and S. macrophylla (6.54) was neutral, whereas that of agriculture and agroforestry soils was acidic (4.93 and 5.03, respectively) (Table 1). The soil pH values of other tree-based systems varied between 5.03 and 6.24. The addition of litter in tree-based systems has influenced the soil pH, which aligns with many previous reports (Tang and Yu, 1999; Marschner and Noble, 2000; Xu et al., 2006; Rukshana et al., 2011). It can also be observed that as the tree-based LUSs age, the soil pH is becoming more neutral, which is evident from the order Agroforestry (5.03) < M. indica (5.83) < Tree plantation (6.06) < Natural forest (6.73). Hong et al. (2018) stated that afforestation reduces pH in relatively alkaline soil and can also increase in relatively acidic soil leading to neutralization over long durations(Hong et al., 2018). This might be due to the creation of an overall balance of the hydrogen ions generated in the soil during the nutrient cycle and various other processes (litter decomposition, microbial enzyme activities, root exudates, etc.) that occur in the soil ecosystem (De Schrijver et al., 2012; Rukshana et al., 2014). Natural forests recorded significantly higher EC levels (0.09 dS m−1) than other LUS (Table 1). This may be caused by the weathering and decomposition of litter, which results in the enrichment of soil minerals by basic salts. Previous studies (Verma et al., 2001; Alam et al., 2018) have reported a higher EC in tree-based systems than in arable land.



TABLE 1 Soil physicochemical and biological properties.
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The study revealed that the different LUSs significantly affected soil organic carbon (SOC) levels. The SOC was higher under natural forests (0.98%) and lower in agriculture systems (0.36%) (Table 1). The findings are consistent with prior research studies (Pal et al., 2012; Singh and Sharma, 2012; Nanganoa et al., 2019; Tesfahunegn and Gebru, 2020). The tree-based LUSs are associated with increased SOC levels, which can be attributed to the incorporation of varying quantities of litter and roots, and differential rates of organic matter breakdown added by different tree species. Removing crop residues from cultivated land and frequent soil tillage may reduce SOC. Depleting SOC may decrease soil fertility, land degradation, and potential desertification.

Higher N was recorded in the agriculture system, while P and K was highest under agroforestry (Table 1). The increased availability of N, P, and K in managed agricultural system and agroforestry may be attributed to the consistent and frequent additions of synthetic fertilizers, whereas, in natural forest and tree plantations, there were no such additions. Among the unmanaged tree-based systems, the highest N, P, and K were recorded under natural forests, stating that diversity in litter quality also affects the soil nutrient availability compared to monoculture.

Higher Ca and Mg was recorded in natural forest (Table 1). Earlier studies have reported that natural forests have a higher concentration of exchangeable bases (Ca, Mg) in their soil than other LUSs (Muche et al., 2015; Tesfahunegn and Gebru, 2020). The higher Ca and Mg content in tree-based systems can be ascribed to the addition of a larger quantity of litter and addition of substantial amounts of organic matter and nutrients to the soil. Exchangeable bases vary due to leaching losses, a low concentration in the parent rock, and clay mineral content. According to Muche et al. (2015), the continual cultivation and use of inorganic fertilizers resulted in the depletion of exchangeable Ca and Mg.

Higher Zn content was recorded in natural forest (1.34 ppm), followed by S. macrophylla (1.16 ppm), and it was least in agriculture soils (0.18 ppm), which is on par with the horticulture system (0.22 ppm) (Table 1). The highest concentration of iron was recorded in A. hirsutus (18.15 ppm), which was on par with agriculture, S. macrophylla and T. bellirica, while the least was recorded in M.indica (10.49 ppm). Cu concentration was higher in A. hirsutus tree plantations (1.54 ppm), which was on par with T. bellirica, natural forest, T. grandis, agroforestry, and S. macrophylla while the M.indica (0.74 ppm) had the lowest. The highest concentration of Mn was recorded in natural forests (36.34 ppm), lowest was recorded in M.indica (22.28 ppm). The variability in micronutrient content among different tree species can be attributed to variations in concentration, litter decomposition rate, the quantity of litter added, and soil organic matter build-up (Dhaliwal et al., 2019).



3.1.2 Soil biological properties

Higher DHA was recorded in natural forest (40.44 μg TPF g−1 soil 24 h−1) while agriculture soil (1.61 μg TPF g−1 soil 24 h−1) had the least (Table 1). Higher DHA in the natural forest may be attributable to greater substrate availability and higher SOC levels. Błońska et al. (2017) and Yu et al. (2012) also found higher DHA in natural forest. Additional litter biomass, dead root cells, and rhizosphere secretions may boost carbon, nutrient and higher rhizospheric microbial activity (Uthappa et al., 2015; Woźniak et al., 2022). There was a considerable difference in DHA between the tree-based LUSs. Cultivated soils generally have less organic matter, weaker structure, and fewer microbes.

Agroforestrty exhibited higher AcidPhos activity (142.53 μg PNP g−1 soil h−1), similar to that of agriculture, T. grandis, T.bellirica, and natural forest, and significantly lower phosphatase activity was recorded in M.indica (73.21 μg PNP g−1 soil h−1) which was comparable to S. macrophylla, T.bellirica and A.hirsutus (Table 1). The regulation of phosphorus cycling in soil, especially in soils deficient in phosphorus, is significantly influenced by phosphatase activity (Janes-Bassett et al., 2022). Phosphatase activity is associated with SOM, P, and N availability. The highest AcidPhos activity in agroforestry might have increased organic-P hydrolysis into inorganic-P, increasing the available P (Radersma and Grierson, 2004).

The SMBC was the highest in natural forest (429.38 μg g−1), whereas agriculture system (247.85 μg g−1) and M. indica (263.28 μg g−1) had the least values (Table 1). The difference in SMBC amongst land uses is due to SOC content, management of the LUS, litter quality, and quantity (Lepcha and Devi, 2020). Continuous and higher organic matter deposition via leaf litter resulted in higher SMBC in natural forest. A strong positive association (r = 0.857) was observed between SOC and SMBC. The results are consistent with previously reported studies (Chen et al., 2017; Padalia et al., 2018; Lepcha and Devi, 2020). The imbalanced use of fertilizers and application of fertilizers, particularly N, resulted in a considerable decline in SMBC (Lu et al., 2011; Qiu et al., 2016).



3.1.3 Soil physical properties

Higher maximum water holding capacity was recorded in natural forest (31.80%), which was on par with S. macrophylla, T. bellirica, T. grandis and agroforestry while the agriculture (23.76%) was least, which was on par with M.indica, T. grandis and A. hirsutus (Table 1). S. macrophylla recorded the highest pore space (42.33%), which was on par with natural forest (41.99%) and T. bellirica (41.15%), and lowest was recorded in agriculture (34.85%) (Table 1). Trees maintain soil structure and minimize soil crust formation by adding organic matter, promoting soil macro and micropores, and retaining moisture. Agricultural soils may have become more compact due to cultivation practices and minimal organic manure additions. The soil pore space is inversely related to soil bulk density. Bizuhoraho et al. (2018) and Zhang et al. (2022) found greater soil porosity in tree-based land use than in cultivated land. Soil organic matter and tree root systems accelerate soil aggregate formation (Jiao et al., 2020) and improve soil structure (Wang et al., 2018).




3.2 Principal component analysis (PCA)

The soil properties that exhibited significant variation among the LUSs were chosen for PCA. The four PCs with an eigenvalue greater than one were selected, which explained 80.53% of the cumulative variance (Table 2). Varimax rotation was performed to optimally distribute the variance in the selected four PCs. PC1 with an eigenvalue of 5.13, explained a variation of about 30.16%. It included DHA with a positive factor loading of 0.918 and Ca (0.858). The PC2 explained a variation of 22.61% and an eigenvalue of 3.84. It included K (0.884), AcidPhos (0.829), N (0.822), and Mg (0.798) with positive factor loading. The PC3 explained 18.80% of the variation with an eigenvalue of 3.20. In this PC, pore space has the highest factor loading (0.864), followed by MWHC (0.846). The PC4 had the highest factor loading of 0.891, contributed by Fe, with an eigenvalue of 1.52 and a variation of 8.96%.



TABLE 2 Soil quality index evaluation using PCA.
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3.3 Selection of minimum dataset (MDS)

From each PC, indicators within 10% of the highest factor loading were selected for the MDS (Rezaei et al., 2006). If a PC included more than one soil indicator, the correlation coefficient (r < 0.60) was utilized to determine whether variables were redundant and should be removed (Legaz et al., 2017) (Figure 2). In the first PC, two indicators were within 10% of the highest factor loading (Table 2). From the PC1, the two indicators were DHA and Ca, with a correlation coefficient of 0.71. Since both are important variable and represents two different aspects of soil, i.e., biological and chemical properties (major secondary nutrients), both were considered.

[image: Figure 2]

FIGURE 2
 Correlation matrix of soil physicochemical and biological properties.


In PC2, K, AcidPhos, N, and Mg were within 10% of the highest factor loading. The K was positively correlated with N (r = 0.71), AcidPhos (r = 0.63), and Mg (0.68) (Figure 2). Since the soils of semi-arid tropics have low fertility, particularly N, it was considered essential and retained from a soil fertility point of view. It was also considered because the study area’s soils were poor in N and it is a limiting nutrient for growth and plant functions. The AcidPhos represents the P availability in the soil, so AcidPhos was also considered from PC2.

In PC3, pore space and MWHC were within 10% of the highest factor loading. This PC focuses on soil physical parameters based on loading factor pattern and size. Pore space and MWHC were highly correlated (r = 0.97) (Figure 2). Therefore, only pore space was selected to represent the PC3 for MDS. In PC4, Fe was selected, representing the soil’s available micronutrients. Overall, the MDS comprised of the indicators chosen as K, N, Ca, DHA, AcidPhos, pore space, and Fe, which represented the soil’s physical, chemical, and biological properties.

In the current study, DHA and AcidPhos were chosen as indicators of MDS among various soil biological properties. Due to their higher sensitivity, soil enzyme activity has often been used in forest soils to evaluate the consequences of land use change (Lucas-Borja et al., 2010; Bini et al., 2013). DHA was considered one of the important SQ indicator (Mandal et al., 2011; Biswas et al., 2017; Klimkowicz-Pawlas et al., 2019). The DHA reflects soil organic matter quality, nutrient availability, microbial activity related to N cycling, and organic compound oxidation (Bünemann et al., 2018), making it an important indicator of SQ (Chaudhury et al., 2005). Phosphatase activity plays a crucial role in the regulation and maintenance of P cycling in the soil, particularly in phosphorus-deficient soils (Janes-Bassett et al., 2022). According to Lemanowicz (2018) phosphatase activity can indicate soil biological and organic phosphorus mineralization capacity. Mahajan et al. (2021) also identified acid phosphatase as one of the MDS in controlling the SQ.

Among the macro nutrients N, K and Ca were selected for MDS. N is an important nutrient for optimal plant growth and development and it has been selected as MDS to evaluate the SQ by Mahajan et al. (2021). It plays an essential role in several vital activities, including growth, the increase of leaf area, and biomass production (Anas et al., 2020). A lack of N can inhibit plant growth and development. Adequate N supply improves above-ground biomass, grain yields, root development (volume, area, diameter, length, mass), nutrient uptake, nutritional balance, and dry mass production (Good et al., 2004; Diaz et al., 2006). K is also frequently used as an SQ indicator in earlier studies (Bünemann et al., 2018; Shi et al., 2021; Maini et al., 2022; Brar et al., 2023). While evaluating SQ under different land use systems Vashisht et al. (2020) and Shao et al. (2020) also identified K as one of the MDS. The K is vital in plants’ osmotic regulations that help regulate moisture stress. Another study concluded that available K and Fe are the most important parameters to assess soil health (Idowu et al., 2008). According to Phillip and Martin, 2003, Ca is a secondary macronutrient essential to plants, and its concentrations in the shoot can range from 0.1 to 5% dry weight. It functions as a secondary messenger and structural component of cell walls and membranes (Phillip and Martin, 2003). Ca contributes to soil fertility through clay flocculation and good aeration (Norton, 2013) and by improving the physical condition of soils. Calcium-rich soils are often more friable and have better water infiltration capabilities. Studies in different tree based systems also identified Ca as MDS while evaluating the SQ (Mulyono et al., 2019; Leul et al., 2023). Tesfahunegn (2014) included Fe as an important SQ indicator in assessing SQ under different LUSs. Through its involvement in the electron transport chain, iron serves as essential for practically all living species since it is involved in many physiological, biochemical, and metabolic activities (Gyana and Sahoo, 2015). Soil porosity is widely recognized as the best indicator of SQ. Characterization of the pore system helps comprehend water and air retention and movement in the soil, evaluate LUS effects, and measure soil deterioration such as compaction and crusting (Pagliai and Vignozzi, 2006). Cardoso et al. (2013) stated that soil porosity is important parameters for assessing SQ status. The other soil properties had low factor loading; thus, these were excluded from the MDS. The “more is better” approach was followed for DHA, AcidPhos, N, K, and Ca. For Fe and pore space “optimum is better” approach was followed.



3.4 Soil quality indexing under different land-use systems

The SQI was developed by transforming soil properties into scores using linear and non-linear scoring methods, and the weights calculated from PCA are presented in Figure 3. All four SQI: linear additive (SQI-1), linear weighted (SQI-2), non-linear additive (SQI-3), non-linear weighted (SQI-4) were able to identify SQ changes in different LUS, implying that they could be used to monitor SQ. However, a sensitivity test revealed the differences among the SQIs (Figure 4). The SQI-4 had the highest sensitivity to detect SQ changes under different LUSs, while the least sensitive was SQI-1. The order of sensitivity of SQIs tested was SQI-4 > SQI-3 > SQI-2 > SQI-1. Thus, SQI-4 derived through a non-linear weighted method could be successfully used to assess SQ, as it is the most sensitive index for assessing different agroecosystems (Sinha et al., 2014) and represents the system function more accurately than the linear technique (Andrews et al., 2002; Mahajan et al., 2020).

[image: Figure 3]

FIGURE 3
 Effect of different land use systems on the soil quality index developed using different indexing method.
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FIGURE 4
 Sensitivity values of different soil quality indices developed using different indexing methods.


Radar plots illustrate how MDS soil indicators contributed to SQI in various scoring methodologies (Figure 5). In the linear additive method, all the selected MDS indicators had equal contributions except for DHA. In the linear weighted method, all the parameters had equal contributions except for Fe and DHA. In both the non-linear additive and weighted methods, the contribution of all the parameters was significantly different. It also agrees with the sensitivity analysis (Figure 4), where non-linear scoring methods were more sensitive than linear scoring methods.
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FIGURE 5
 Radar diagrams of the contribution of selected indicators of the minimum dataset to soil quality indices developed using different indexing method under different land uses.


The SQI calculated for different land uses using the non-linear scoring weighted method was significantly higher under natural forest (0.973), followed by S. macrophylla (0.756) and agroforestry (0.737). Significantly lowest SQI was recorded in M. indica (0.208). Based on the SQI, the order of the systems studied was natural forest (0.973) > S. macrophylla (0.756) > agroforestry (0.737) > agriculture (0.556) > T. grandis (0.416) > T. bellirica (0.373) > A. hirsutus (0.343) > M. indica (0.208). The natural forest soils are rich in organic matter, harbours rich soil biodiversity (Bardgett and Van Der Putten, 2014; Uthappa, 2021) and have high biotic activity (Osman and Osman, 2013), which has positive effects on soil physicochemical and biological properties as reflected by the highest SQI. Chandel et al. (2018) found that the SQI was the highest in forest ecosystems, followed by grassland, horticulture, cultivated, and bare land. They also stated that the improved SQI in forested areas is due to the higher organic matter content of the soil. According to Tesfahunegn (2014) natural forest areas have a better SQ than uncultivated marginal land systems and forests maintained higher SQI values than agroforestry and agriculture (Mandal et al., 2013). The S. macrophylla based tree plantation and agroforestry system, has emerged as second best LUSs. Practising agroforestry can be viable and sustainable option to maintain soil health (Fahad et al., 2022; Jinger et al., 2023). The monoculture of forest trees, horticulture trees, and agriculture proved to be the third best option compared to natural and agroforestry systems. It is worth mentioning that except in agriculture and agroforestry system, no other systems received fertilizers or soil amendments. The trees (S. macrophylla, A. hirsutus, T. bellirica and T. grandis) were also planted at a very closer spacing (2 × 2 m) which would have led to exhaustion of soil nutrients.

The results of the present investigation revealed that the converting natural forests into different LUSs as tree plantations, horticulture, agroforestry and agriculture deteriorates the SQ. However, increasing population and demographic changes exert tremendous pressure on existing arable land and forest for 5Fs (food, fodder, fuelwood, fibre, fertilizer). Thus, sustainable utilization of natural forests and its conversion into different appropriate LUSs demands scientific approaches to quantify the effects on natural resources, particularly soils. The present study identified a minimum number of soil indicators as MDS and a non-linear weighted SQ indexing approach (SQI-4) as a robust method to detect the changes in the SQ. The method reduces the cost and time of sampling, analysis and enables rapid estimation of SQ. Further, the output of this study could be of immense significance to designing appropriate land management practices for sustainable utilization of converted land uses.




4 Conclusion

The research findings indicate that the LUS has a substantial long-term impact on the physical, chemical, and biological characteristics of the soil in semi-arid climatic conditions.An SQI comprising of soil indicators viz., DHA, AcidPhos, N, K, Ca, porosity, and Fe was developed to assess SQ changes under different LUSs. Of the four SQI approaches, the non-linear weighted approach was the best to assess SQ. In each of the four SQIs, the natural forest emerged as the best land use system, signifying that it is the most SQ-compliant LUS. The conversion of natural forests into other alternative LUSs decreased the SQ, indicating soil deterioration at varying scales. Further, intensive cultivation and unmanaged tree plantations may reduce SQ. SQ assessment using MDS indicators could also reduce the time and cost under similar agro-climatic situations. Therefore, the approach of the SQI using MDS in the current study could be helpful for proper scientific planning and sustainable utilization of natural resources.
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