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Predicting soil quality indices with near infrared analysis in a wildfire chronosequence  Lauric Cécillon1,2,*, Nathalie Cassagne3, Sonia Czarnes4, Raphaël Gros5,  Michel Vennetier6, Jean-Jacques Brun1  Addresses : 1 Cemagref Grenoble, Mountain Ecosystems Research Unit, 2 rue de la Papeterie, BP 76, 38402 Saint Martin d’Hères, France 2 French Agency for Environment and Energy Management (ADEME), 2 square La Fayette, BP 90406, 49004 Angers cedex 01, France 3 INRA, URFM, Ecologie des Forêts Méditerranéennes, UR 629, Domaine Saint Paul, Site Agroparc, 84914 Avignon cedex 9, France 4 Université de Lyon, Université Lyon 1, CNRS UMR5557; INRA USC 1193, Ecologie Microbienne, Bât G. Mendel, 43 bd du 11 novembre 1918, 69622 Villeurbanne, France 5 Institut Méditerranéen d'Ecologie et de Paléoécologie (IMEP), Facultés des Sciences St-Jérôme, Boîte 452, 13397 Marseille cedex 20, France 6 Cemagref Aix en Provence, Mediterranean Ecosystems and Risks Research Unit, 3275 Route de Cezanne, CS 40061, 13182 Aix en Provence Cedex 5, France *corresponding author: L. Cécillon, Phone: + 33 (0)130 799 564, E-mail: cecillon@cetiom.fr, Webpage: http://lauric.cecillon.free.fr/  Abstract We investigated the power of near infrared (NIR) analysis for the quantitative assessment of soil quality in a wildfire chronosequence. The effect of wildfire disturbance and soil engineering activity of earthworms on soil organic matter quality was first assessed with principal component analysis of NIR spectra. Three soil quality indices were further calculated using an adaptation of the method proposed by Velasquez et al. [Velasquez, E., Lavelle, P., Andrade, M. GISQ, a multifunctional indicator of soil quality. Soil Biol Biochem 2007; 39: 3066–3080.], each one addressing an ecosystem service provided by soils: organic matter storage, nutrient supply and biological activity. Partial least squares regression models were developed to test the predicting ability of NIR analysis for these soil quality indices. All models reached coefficients of determination above 0.90 and ratios of performance to deviation above 2.8. This finding provides new opportunities for the monitoring of soil quality, using NIR scanning of soil samples.  Key words: NIRS; Soil quality; Soil health; Soil monitoring; GISQ; Soil biogenic structures 
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1. Introduction  Since the call of Haberern (1992) for a soil health index, several soil quality indices have been proposed (e.g. Breure, 2004). To be practical for management, such indicators should incorporate relevant information on physical, chemical and biological condition of soils (e.g. Doran and Safley, 1997; Zornoza et al., 2007). They should preferably be designed to assess a specific soil function (Andrews et al., 2004), a soil ecosystem service (Velasquez et al., 2007) or a soil threat (Morvan et al., 2008) in order to avoid the subjectivity of the soil quality paradigm debated in soil research (e.g. Sojka and Upchurch, 1999). GISQ, a general indicator of soil quality based on the provision of soil ecosystem services (Velasquez et al., 2007) fulfils most of these critical requirements. But since many soil analyses are involved, its implementation at the landscape scale remains too expensive and time consuming. Near infrared reflectance spectroscopy (NIRS) is a rapid analytical technique involving diffuse reflectance measurement in the near infrared (NIR) region (1000-2500 nm). NIR spectra depend on the number and type of chemical bonds in the analysed material (Foley et al., 1998). NIR analysis is now widely used to predict soil carbon and nitrogen content (e.g. Brunet et al., 2007; Cécillon and Brun, 2007; Stevens et al., 2008). Its efficiency to predict soil biological properties (Cécillon et al., 2008) and to discriminate soil biogenic structures (e.g. earthworm casts) from surrounding soil (Hedde et al., 2005) has also been demonstrated. Recent developments of NIRS in soil research have shown its potential for a global assessment of soil quality (Vågen et al., 2006; Shepherd and Walsh, 2007) by discriminating different land-use types and soil degradation categories (Velasquez et al., 2005; Cohen et al., 2006; Awiti et al., 2008). However, the predictive capacity of NIRS for specific soil quality indices has not been assessed. In addition, the impact of an ecological factor such as wildfire (Rundel, 1981) on soil quality has not been tested in-situ with NIRS.  The objectives of this study were to assess (i) the efficiency of NIRS to detect the effect of wildfire and soil engineering activity of earthworms on soil organic matter (SOM) quality; (ii) the potential of NIRS for predicting soil quality indices derived from GISQ. 
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 2. Material and methods  Soil samples were collected in the Maures mountains (Var, France) during spring 2007 in 25 plots depicting a heterogeneous mosaic of Mediterranean forests ecosystems generated by various wildfire frequencies. All soils were classified as Cambisols (IUSS Working Group WRB, 2006). Research plots were grouped into three classes depending on the time (t) since last fire (3 years, 16 years, > 50 years), each one including plots from different locations in the Maures mountains. In each plot, we collected two composite samples. One was made of earthworm casts collected at the soil surface, and the other one was made of twenty topsoil (0-5 cm) subsamples. For each sample, analyses addressing three soil ecosystem services were performed, according to Velasquez et al. (2007). Organic matter storage was assessed with organic carbon, total and mineral nitrogen content; nutrient supply was evaluated with pH and exchangeable cations (Ca, Mg, K, Na, CEC) and biological activity was assessed through microbiological parameters (microbial carbon, two extracellular enzymes –FDA hydrolase, cellulase– potential denitrification and microbial carbon to organic carbon ratio). The results of these soil analyses and their basic statistics are summarized in Table 1. Three subindicators (SI) of soil quality reflecting the provision of each soil ecosystem service assessed were computed using a modified version of the GISQ approach (Velasquez et al., 2007). Briefly, for each group of variables (organic matter, nutrient supply, biological activity) we performed a principal components analysis (PCA) and a discriminant analysis (DA) to check the ability of groups of variables to significantly discriminate the six sample classes (three wildfire disturbances for two soil categories). Each of the three SI for one sample q is the sum of the n reduced variables (v1–vn, with n = 4 for organic matter, n = 6 for nutrient supply and n = 5 for biological activity) multiplied by their respective weight in the determination of axes 1 and 2 (w1–wn) of the PCA: SIq = w1v1 + w2v2 + … + wnvn 
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The set of values of each SI measured with the initial formula are finally reduced to constrain their variations within the range 0.1–1.0 using an homothetic transformation. Higher SI values indicate more ecosystem services produced, thereby an improved soil quality (Velasquez et al., 2007). Since the focus of this paper was on predicting specific soil quality indices (SI) with NIRS, no attempt was made to calculate a final GISQ value for each sample. The effect of wildfire disturbance and soil category on each SI was further assessed by analyses of variance (ANOVA) followed by Tukey's honest significant difference (HSD) test. Diffuse reflectance measurements (1000-2500 nm) were carried out for each sample using a Fourier-transform NIR spectrophotometer Antaris II (Thermo electron) at a resolution ∆λ = 0.5 nm (∆λ is the smallest difference in wavelengths that can be distinguished) resulting in 6224 absorbance values per spectrum. The discrimination efficiency of NIR analysis for the six sample classes was assessed with a PCA of NIR spectra, using first derivative as spectral preprocessing. The unconstrained ordination of samples obtained with PCA illustrates the power of NIR data for a blind discrimination of samples without any a priori assumption on sample classes. Predictive ability of NIR analysis for the three soil quality indices was assessed through partial least square regression (PLSR, Tenenhaus, 1998). One NIR-PLSR model was built for each SI. Spectral pretreatment for PLSR included second derivative of spectra with selection of most important wavelengths by the variable importance on the projection (VIP) method (Wold et al., 1993), as described in a previous study using the same data set (Cécillon et al., 2008). The VIP method computes a score for each wavelength corresponding to a measure of its importance in the NIR-PLSR model. Only influential wavelengths with a VIP score greater than 1 were kept in the model. A new PLSR was then performed with selected wavelengths. The prediction performance of each obtained PLSR model was assessed by a full-model leave-one-out cross-validation (X-Val). Statistical treatments were conducted using R software version 2.6.1 (R Development Core Team, 2007) with ade4 package for PCA and DA (Chessel et al., 2004), pls package for PLSR (Mevik and Wehrens, 2007) and the VIP algorithm of Chong and Jun (2005) as implemented for R software by B.H. Mevik.  
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3. Results and discussion  3.1. Tracking changes in soil quality with PCA of NIR spectra  The first two factors explained respectively 54 % and 20 % of the total variance in the PCA of NIR spectra (Figure 1). Axis 1 of PCA discriminated samples according to wildfire disturbance with steadily increasing scores from recently burned plots (t = 3 years) to control plots (t > 50 years), with an important contribution of the 1000 nm to 1800 nm range of wavelengths (Table 2). This result supports previously published studies (e.g. Pietikäinen and Fritze, 1995) describing a strong effect of fire on NIR spectra of soil samples usually explained by a change in organic matter quality after thermal modification of pre-existing C forms or production of pyrolysis compounds in burned soils (e.g. Gonzales-Pérez et al., 2004). However, this thermal effect on organic matter quality could not be assigned directly to organic carbon compounds since absorption bands of such compounds can be found throughout the NIR region (e.g. Malley et al., 2004). Axis 2 of PCA distinguished topsoil samples from soil biogenic structures, although discrimination was rather absent in recently burned plots (Figure 1). This result confirms the findings of Hedde et al. (2005) who identified specific functional signatures in NIR spectra of soil biogenic structures reflecting the deep change in SOM quality associated with the casting activity of earthworms. The detailed analysis of the PCA loadings for axis 2 revealed an important contribution of five NIR intervals within the range 1850-2500 nm (Table 2). This spectral region which also contains absorption bands assigned to organic carbon compounds was associated to soil microbiological activity in a previous study using the same NIR spectra (Cécillon et al., 2008). Earthworm effect on soil quality could thus be linked to changes in SOM quality and soil microbial processes (e.g. potential denitrification and potential nitrification).     
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3.2. NIR-PLSR models to predict specific soil quality indices  DA of the three groups of variables (organic matter, nutrient supply and biological activity) significantly classified each sample category (p < 0.001). No variables were removed from each group in the construction of the three SI. Soil biogenic structures obtained stronger SI values than topsoil samples for each soil quality indices (p < 0.001, Figure 2) stressing the importance of earthworms as ecosystem services providers (Lavelle et al., 2006). Earthworm casts were also characterized by a greater range of SI scores than topsoils except for SI biological activity (Figure 2). Fire effect on soil quality indices was weaker (Figure 2) but performing ANOVA tests revealed some clear trends. A significant increase (p < 0.001) in “SI Organic matter” was observed from recently burned plots  (t = 3 years) to less disturbed plots (t = 16 years and t > 50 years). This trend was true for both topsoil and casts samples, indicating a recovery of SOM content after a wildfire event during vegetation regrowth. A significant effect (p < 0.01) of wildfire on “SI Biological activity” was also observed with control plots (t > 50 years) obtaining higher values than disturbed plots (t = 3 years and t = 16 years). This result suggests a long-term (> 16 years) negative effect of wildfire disturbance on the living soil. No effect of wildfire on “SI Nutrient supply” could be detected by ANOVA tests. PLSR models for the three soil quality indices reached “reasonable” (Williams, 1993) X-Val statistics with cross-validated coefficients of determination (Q²) above 0.90 and ratio of performance to deviation (RPD) above 2.8 (Figure 2). These results are the first attempt of quantitative prediction of specific soil quality indices with NIRS. They confirm previously published studies which emphasized the potential of NIR analysis for a global assessment of soil quality (e.g. Velasquez et al., 2005; Cohen et al., 2006; Vågen et al., 2006).  4. Summary and conclusion  This study demonstrates that NIR analysis can be used as a powerful and inexpensive substitute for soil quality assessments compared to the conventional analysis. PCA of NIR spectra enabled rapid tracking of changes in soil quality driven by a disturbance such as wildfire. Soil quality indices 
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derived from an adaptation of the GISQ method were accurately predicted by PLSR of NIR spectra. Both approaches stressed the role of earthworms as soil ecosystem engineers, which improve soil quality through providing ecosystem services such as an increase in nutrient cycling, biological activity and SOM content. Our findings could have strong implications regarding programs for soil quality monitoring. Future studies should test the success of this strategy for larger and more variable data sets including different soil types. The current development of soil spectral libraries and the implementation of new chemometric techniques in soil spectroscopy research could facilitate this task.  Acknowledgements  This study was part of the IRISE project (http://irise.mediasfrance.org/) funded by the European Union, Forest Focus Regulation (No 2152/2003) and the French Ministry of Agriculture and Fisheries. The work was supported by the French Agency for Environment and Energy Management (ADEME) and Cemagref. Authors are grateful to J. Grenet, S. Figarol, F. Ruaudel, N. Guillaumaud, Y. Paillet, B. Couchaud for their technical support. Y. Paillet, participants of the second plenary meeting of the COST Action 639, October 2007, Barcelona, Spain (http://www.ub.edu/cost639/) and two anonymous reviewers are thanked for their valuable comments.  References  Adam, G., Duncan, H. Development of a sensitive and rapid method for the measurement of total microbial activity using fluorescein diacetate (fda) in a range of soils. Soil Biology and Biochemistry 2001; 33: 943-951. Anderson, J.P.E., Domsch, K.H. A physiological method for the quantitative measurement of microbial biomass in soils. Soil Biology and Biochemistry 1978; 10: 215-221. 



Science of the Total Environment 407: 1200-1205 (2009) – http://dx.doi.org/10.1016/j.scitotenv.2008.07.029 8 

Andrews, S.S., Karlen, D.L., Cambardella, C.A. The soil management assessment framework: a quantitative soil quality evaluation method. Soil Science Society of America Journal 2004; 68: 1945-1962. Awiti, A.O., Walsh, M.G., Shepherd, K.D., Kinyamario, J. Soil condition classification using infrared spectroscopy: A proposition for assessment of soil condition along a tropical forest-cropland chronosequence. Geoderma 2008; 143: 73-84. Beare, M.H., Neely, C.L., Coleman, D.C., Hargrove, W.L.. A substrate-induced respiration (sir) method for measurement of fungal and bacterial biomass on plant residues. Soil Biology and Biochemistry 1990; 22: 585-594. Breure, A.M. Ecological soil monitoring and soil quality assessment. In: Doelman, P., Eijsackers, H., editors. Vital Soil: Function, Value, and Properties. Developments in Soil Science, 29. Elsevier, 2004, pp. 281-306. Brunet, D., Barthès, B.G., Chotte, J.L., Feller, C. Determination of carbon and nitrogen contents in Alfisols, Oxisols and Ultisols from Africa and Brazil using NIRS analysis: Effects of sample grinding and set heterogeneity. Geoderma 2007; 139: 106-117. Cécillon, L., Brun, J.J. Near-infrared reflectance spectroscopy (NIRS): a practical tool for the assessment of soil carbon and nitrogen budget. In: Jandl, R., Olsson, M., editors. COST Action 639 : Greenhouse-gas budget of soils under changing climate and land use (BurnOut). Federal Research and Training Centre for Forests, Natural Hazards and Landscape, Vienna, 2007, pp. 103-110. Cécillon, L., Cassagne, N., Czarnes, S., Gros, R., Brun, J.J. Variable selection in near infrared spectra for the biological characterization of soil and earthworm casts. Soil Biology and Biochemistry 2008; 40: 1975-1979. Chessel, D., Dufour, A.B., Thioulouse, J. The ade4 package - I : One-table methods. R News 2004; 4: 5-10. Chong, I.G., Jun, C.H. Performance of some variable selection methods when multicollinearity is present. Chemometrics and Intelligent Laboratory Systems 2005; 78: 103-112. 



Science of the Total Environment 407: 1200-1205 (2009) – http://dx.doi.org/10.1016/j.scitotenv.2008.07.029 9 

Cohen, M.J., Dabral, S., Graham, W.D., Prenger, J.P., Debusk, W.F. Evaluating ecological condition using soil biogeochemical parameters and near infrared reflectance spectra. Environmental Monitoring and Assessment 2006; 116: 427-457. Deng, S.P., Tabatabai, M.A. Cellulase activity of soils. Soil Biology Biochemistry 1994; 26: 1347-1354. Doran, J.W., Safley, M. Defining and assessing soil health and sustainable productivity. In: Pankhurst, CE, Doube, B.M., Gupta, V.V.S.R., editors. Biological indicators of soil health. CAB International, 1997, pp. 1-28. Foley, W.J., McIlwee, A., Lawler, I.R., Aragones, L., Woolnough, A., Berding, N. Ecological applications of near-infrared spectroscopy - a tool for rapid, cost-effective prediction of the composition of plant and animal tissues and aspects of animal performance. Oecologia 1998; 116: 293-305. Gonzalez-Pérez, J.A., Gonzalez-Vila, F.J., Almendros, G., Knicker, H. The effect of fire on soil organic matter - a review. Environment International 2004; 30: 855-870. Haberern, J. Viewpoint: A Soil health index. Journal of Soil and Water Conservation 1992; 47: 6. Hedde, M., Lavelle, P., Joffre, R., Jiménez, J.J., Decaëns, T. Specific functional signature in soil macro-invertebrates biostructures. Functional Ecology 2005; 19: 785-793. IUSS Working Group WRB World reference base for soil resources 2006. World Soil Resources Reports No. 103. FAO, Rome, 2006, 128 pp. Krom M. D. Spectrophotometric determination of ammonia : A study of a modified Berthelot reaction using salicylate and dichloroisocuyanurate. The Analyst 1980; 105: 305-316. Lavelle, P., Decaëns, T., Aubert, M., Barot, S., Blouin, M., Bureau, F., Margerie, P., Mora, P., Rossi, J.P. Soil invertebrates and ecosystem services. European Journal of Soil Biology 2006; 42: S3-S15. Malley, D.F., Martin, P.D., Ben-Dor, E. Application in analysis of soils. In: Roberts, C.A., editor. Near-infrared spectroscopy in agriculture. Agronomy Monograph 44. American society of agronomy, Crop science society of America, Soil science society of America, 2004, pp. 729-784. 



Science of the Total Environment 407: 1200-1205 (2009) – http://dx.doi.org/10.1016/j.scitotenv.2008.07.029 10 

Mevik, B.H., Wehrens, R. The pls package: principal component and partial least squares regression in R. Journal of Statistical Software 2007; 18: 2, 1-24. Morvan, X., Saby, N.P.A., Arrouays, D., Le Bas, C., Jones, R.J.A., Verheijen, F.G.A., Bellamy, P.H., Stephens, M., Kibblewhite, M.G. Soil monitoring in Europe: A review of existing systems and requirements for harmonisation. Science of the Total Environment 2008; 391: 1-12. NF ISO 10390 Soil quality, determination of pH. AFNOR, 2005, 7 pp. NF ISO 10694 Qualité du sol, dosage du carbone organique et du carbone total après combustion sèche (analyse élémentaire). AFNOR, 1995, 7 pp. NF ISO 13878 Soil quality, determination of total nitrogen content by dry combustion (“elemental analysis”). AFNOR, 1998, 5 pp. NF X 31-108 Qualité des sols, détermination des cations Ca++, Mg++, K+, Na+ extractibles par l'acétate d'ammonium, méthode par agitation. AFNOR, 2002, 8 pp. NF X 31-130 Qualité des sols, méthodes chimiques, détermination de la capacité d'échange cationique (CEC) et des cations extractibles. AFNOR, 1999, 15 pp. Pietikäinen, J., Fritze, H. Clear-cutting and prescribed burning in coniferous forest: Comparison of effects on soil fungal and total microbial biomass, respiration activity and nitrification. Soil Biology and Biochemistry 1995; 27: 101-109. R Development Core Team R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria, 2007. Rundel, P.W. Fire as an ecological factor. In: Lange, O.L., Nobel, P.S., Osmond, C.B., Ziegler, H., editors. Physiological plant ecology I. Springer-Verlag, New York, USA, 1981, pp. 501-538. Shepherd, K.D., Walsh, M.G. Review: Infrared spectroscopy—enabling an evidence-based diagnostic surveillance approach to agricultural and environmental management in developing countries. Journal of Near Infrared Spectroscopy 2007; 15: 1-19. Smith, M.S., Tiedje, J.M. Phases of denitrification following oxygen depletion in soil. Soil Biology and Biochemistry 1979; 11: 261-267. Sojka, R.E., Upchurch, D.R. Reservations regarding the soil quality concept. Soil Science Society of America Journal 1999; 63: 1039-1054. 



Science of the Total Environment 407: 1200-1205 (2009) – http://dx.doi.org/10.1016/j.scitotenv.2008.07.029 11 

Stevens, A., van Wesemael, B., Bartholomeus, H., Rosillon, D., Tychon, B., Ben-Dor, E. Laboratory, field and airborne spectroscopy for monitoring organic carbon content in agricultural soils. Geoderma 2008; 144: 395-404.  Tenenhaus, M. La régression PLS. Editions Technip, Paris, 1998, 254 pp. Tiedje, J.M., Simkins, S., Groffman, P.M. Perspectives on measurement of denitrification in the field including recommended protocols for acetylene based methods. Plant and Soil 1989; 115: 261-284. Vågen T-G., Shepherd K.D., Walsh M.G. Sensing landscape level change in soil quality following deforestation and conversion in the highlands of Madagascar using Vis-NIR spectroscopy. Geoderma 2006; 133: 281-294. Velasquez, E., Lavelle, P., Barrios, E., Joffre, R., Reversat, F. Evaluating soil quality in tropical agroecosystems of Colombia using NIRS. Soil Biology & Biochemistry 2005; 37: 889-898. Velasquez, E., Lavelle, P., Andrade, M. GISQ, a multifunctional indicator of soil quality. Soil Biology & Biochemistry 2007; 39: 3066–3080. Williams, P.C. What does the raw material have to say? NIR news 1993; 5: 13. Wold, S., Johansson, E. and Cocchi, M. PLS – Partial least-squares projections to latent structures. In: Kubinyi, H., editor. 3D QSAR in drug design; theory, methods and applications. ESCOM Science publishers, Leiden, Holland, 1993, pp. 523-550. Yoshinari, T., Hynes, R., Knowles, R. Acetylene inhibition of nitrous oxide reduction and measurement of denitrification and nitrogen fixation in soil. Soil Biology and Biochemistry 1977; 9: 177-183. Zornoza, R., Mataix-Solera, J., Guerrero, C., Arcenegui, V., García-Orenes, F., Mataix-Beneyto, J., Morugán, A. Evaluation of soil quality using multiple linear regression based on physical, chemical and biochemical properties. Science of the Total Environment 2007; 378: 233-237. 



Science of the Total Environment 407: 1200-1205 (2009) – http://dx.doi.org/10.1016/j.scitotenv.2008.07.029 12 

 Table 1: Laboratory methods of soil analyses and summary statistics of reference data (n = 49)*  Soil ecosystem service Property Mean SD Reference method Organic matter Organic carbon (g kg-1) 52.2 28.0 NF ISO 10694 (1995)  Total nitrogen (g kg-1) 2.94 1.43 NF ISO 13878 (1998)  N – NO3 (mg kg-1) 17.5 26.1 Krom (1980)  N – NH4 (mg kg-1) 21.7 25.6 Krom (1980) Nutrient supply PH in H2O 6.42 0.34 NF ISO 10390 (2005)  CEC (cmol+ kg-1) 15.5 5.1 NF X 31-130 (1999)  Ca exch. (cmol+ kg-1) 11.2 4.1 NF X 31-108 (2002)  Mg exch. (cmol+ kg-1) 2.42 1.07 NF X 31-108 (2002)  K exch. (cmol+ kg-1) 0.72 0.27 NF X 31-108 (2002)  Na exch. (cmol+ kg-1) 0.14 0.06 NF X 31-108 (2002) Biological activity Potential denitrification             (µg N g-1 dw h-1) 0.26 0.23 Yoshinari et al. (1977); Smith and Tiedje (1979); Tiedje et al. (1989)  Microbial carbon (mg g-1) 1.50 0.65 Anderson and Domsch (1978); Beare et al. (1990)  Microbial carbon to organic carbon ratio 0.030 0.007   Cellulase (U1 g-1 dw) 0.015 0.008 Deng and Tabatabai (1994)  FDA hydrolase (U2 g-1 dw) 0.0013 0.0004 Adam and Duncan (2001)  Abbreviations:  n = number of samples used to calculate summary statistics, to perform PCA and DA SD = standard deviation; FDA = fluorescein di-acetate; dw = dry weight equivalent; U1 = µmol of glucose released min-1; U2 = µmol of fluorescein released min-1 exch. = exchangeable *: in one of the 25 plots, no earthworm casts could be collected above-ground, hence a total of 49 samples
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       Table 2: Wavelength intervals with highest loadings for the first two axes in the principal component analysis of NIR spectra  PCA axes Main spectral intervals (nm) PC 1 (Wildfire disturbance) 1000-1200; 1223-1351; 1510-1620; 1726-1827 PC 2 (Soil category)  1857-1903; 1920-1994; 2017-2086; 2223-2294; 2402-2500  Abbreviation: PC = principal component  
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  Figure 1: Principal component analysis of all samples calculated from the first derivative of the full NIR spectrum (1000-2500 nm). Grey symbols correspond to topsoil samples, white symbols are earthworm casts. Different symbols correspond to wildfire disturbance as described in the text (t = 3 years = circles; t = 16 years = squares;  t > 50 years = triangles). Abbreviation: PC = principal component  
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 Figure 2: Scatter plots of NIRS predicted vs. calculated values for soil quality indices and X-Val results of PLSR models. The dashed lines indicate 1:1. The meaning of symbols is detailed in figure 1. Abbreviations:  Q² = cross-validated R²; RMSECV = root mean squared error of cross-validation; RPD = ratio of performance-to-deviation (calculated as RPD = SD RMSECV-1) 


