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INTRODUCCION

El clima es un sistema interactivo, donde la atmosfera, la superficie de la Tierra y los seres vivos tienen
participacion. Han surgido mualtiples estudios acerca de las nuevas dindmicas en torno al cambio que esta
sufriendo el clima y los efectos que podrian tener estos cambios sobre el planeta (Le Treut et al., 2007).
El principal efecto estudiado por investigadores de distintas disciplinas, es el del calentamiento global que
calculado a partir de una tendencia lineal, muestra un aumento de 0,85 °C, en la temperatura media de la
Tierra en el periodo de 1880-2012 (IPCC, 2013).

Los principales causantes de este efecto serian el aumento en las emisiones de gases de efecto invernadero
(GEI) como el dioxido de carbono (CO,), clorofluorocarbonos (CFC), 6xido nitroso (N20), metano (CHa),
vapor de agua, entre otros (IPCC, 2007). Este aumento estaria asociado a un incremento en las actividades
industriales, al cambio de uso del suelo, al mayor uso de combustibles fosiles y en general a las emisiones
antropogeénicas de GEI, en gran medida como resultado del crecimiento econémico y demogréfico (IPCC,
2013).

Si bien los gases méas abundantes en la atmasfera son nitrégeno (N2) y oxigeno (O2), ninguno de ellos es
causal directa en el calentamiento global, pero si lo son el aumento dramatico de CO2 N2O y CHeg,
considerados como la principal causa de este suceso (IPCC, 2013). Esto debido a que actGan como un
manto que cubre la superficie terrestre, atrapando la energia solar que se refleja de ella y evitan que gran
parte sea liberada, este fendGmeno se conoce como efecto invernadero (Le Treut et al., 2007)

Se ha observado que uno de los GEI que ha aumentado en mayor medida sus niveles es CO y lo ha hecho
en un 40% con respecto a la época previa de la revolucion industrial. Aunque hay evidencia de que esta
seria la tendencia, el balance entre los mecanismos del ciclo del C, ain permanece incierta y las
estimaciones en investigaciones en cuanto a reservorios de C en el suelo se limitan a experimentos en
sitios aislados y especificos, y por lo mismo, esto no logra revelar los efectos concretos de este fendmeno
(Crowther et al., 2016). Es por eso que el intercambio de C entre el suelo y la atmosfera representa un
mecanismo preponderante que debe ser estudiado.

Los suelos del mundo contienen un reservorio estimado de 2.500 Pg C (10 g -billones de toneladas
métricas-), que corresponde a 3,3 veces mas que la cantidad de C que hay en la atmosfera (Lal, 2006).
Frente a esta informacion, parece importante preguntarse acerca del rol que se espera que el suelo cumpla
en el estado actual, pues podemos observar que, asi como el suelo puede actuar como captador de C,
también podria actuar como fuente emisora de C, segun sean las condiciones climaticas (Carvalhais et al.,
2014).



El carbono organico del suelo (COS), conforma una gran reserva de C en el ecosistema terrestre, pero la
informacidn con la que se cuenta acerca del intercambio de C entre la atmosfera y el suelo es muy variada,
por lo que se necesita continuar los estudios en esta materia para lograr comprender mejor la dindmica
que alli ocurre. Se requiere estudios de mapeo mas extensivos y confiable para monitorear, en la
actualidad, los cambios los reservorios organicos del suelo (Bricklemyer et al., 2005; Mooney et al., 2004).
Gran parte de la informacion que encontramos disponible hoy, se basa en el estudio de las capas
superficiales del suelo; la cantidad de materia organica y la dindmica del C han sido estudiadas durante
mucho tiempo, pero en la Ultima década, se ha incentivado el estudio de los horizontes méas profundos,
convirtiéndose en objeto de investigacion. Esto se debe principalmente a que se ha reconocido que el C
del subsuelo contribuye en gran medida a las reservas totales de este. Poco se sabe acerca de los factores
que controlan la estabilidad del C en las capas profundas del suelo, por lo que mejorar el conocimiento de
estos factores es esencial para comprender los cambios que ocurren en sus dinamicas y su relacion en las
variaciones de CO> atmosférico (Chabbi et al., 2009; Rumpel et al., 2002; Fontaine et al., 2007).

Los factores climaticos controlan la degradacion de COS (Carvalhais et al., 2014), donde la temperatura
es un factor importante debido a la sensibilidad del COS en funcion de su variacion (Doetterl et al., 2015).
Por otro lado, existen factores geoquimicos que ayudan en la estabilizacién de la materia organica del
suelo (MOS). Ultimamente se ha destacado las interacciones que puede existir entre factores climaticos y
geoquimicos en el control del almacenamiento de C en los suelos (Doetterl et al., 2015), como patrones
de gran escala y dindmicas del ambiente que deben ser considerados. A raiz de lo anterior, se ha
demostrado que el clima tiene efectos sobre la dinamica del COS en el suelo dado principalmente por la
influencia que tiene sobre la geoquimica de los suelos, revelando asi lo importante que serian las
caracteristicas pedologicas y la variabilidad de los suelos, como influencia sobre la estabilizacion del C
del suelo. Asi los tipos de suelos, tendrian una influencia en la estabilizacion del C, siendo un punto
importante incluir diversidad de tipos de suelos para los estudios que se llevan a cabo.



Mecanismos de degradacion y estabilidad del carbono organico del suelo: aproximaciones
metodologicas.

Actualmente poco se conoce sobre los mecanismos de degradacion y estabilidad del COS, en los
horizontes méas profundos, y es necesario hacer mayores estudios ya que entre un 46 y un 63% del C
estable total se almacena en estos estratos (20-100 cm) (Jobbagy y Jackson, 2000).

Existe abundante informacién acerca de las metodologias que se utilizan para el estudio de la dindmica
del C y la mayoria de ellas apunta a técnicas isotopicas que determinan presencia de 3C (Balesdent y
Mariotti, 1996; Glaser, 2005; Trumbore, 2009). El estudio de la composicién isotopica de C se expresa
como abundancia natural de *C (proporcion o relacion *C:'?C), que es generalmente expresada como
513C, en partes por mil (%o), y se determina midiendo la cantidad relativa de *3C en una muestra y
expresando la tasa relativa de presencia de este isdtopo utilizando como muestra de referencia para este
caso el estandar VV-PDB (Vienna — Pee Dee Belemnite) (Chen et al., 2005). De este modo, la muestra con
mayor cantidad de 3C tendra un &3C mas positivo, en comparacion con el estandar, y sera mas negativa
si la diferencia es mayor con respecto al estandar. La mayor parte de la MOS contiene menor cantidad de
13C que el estandar, entregando valores negativos (Andriulo etal., 2002). EI §13C de la MOS es comparable
a aquel del material vegetal de origen como es el caso de especies C4 como el maiz; praderas de gramineas
o leguminosas tropicales el valor 83C es aproximadamente -12 %o, mientras que en especies C3 como el
trigo, arroz; praderas gramineas o leguminosas temperadas este serd aproximadamente -26%.. La
descomposicion microbiana y las caracteristicas pedoldgicas, entre otras, propician un aumento de 5'3C
entre el 1 — 3%o a mayor profundidad del suelo (Krull'y Skjemstad, 2002).

Accoe et al. (2003) han encontrado que los valores de §'3C y su incremento en el perfil del suelo podrian
ser utilizados como un indicador del potencial de degradacion o de la estabilidad de la MOS (en términos
de las constantes de velocidad de descomposicion). Esto es atribuido a que los microorganismos prefieren
moléculas agotadas en *3C para la respiracion y las moléculas enriquecidas con *3C son utilizadas en la
produccion de biomasa, lo cual puede producir un enriquecimiento de *3C en la materia organica residual.
Asi, la determinacion isotopica de C en suelo, y consecuentemente la dindmica de su fraccionamiento, es
una determinacion importante para los grupos de investigacion que estudian los factores relacionados al
intercambio gaseoso de CO2, que participa del calentamiento global. La Espectroscopia de Masa de
Relaciones Isotopicas (del Inglés: Isotope Ratio Mass Spectrometer, IRMS) es la metodologia utilizada
para determinar la abundancia de diferentes is6topos de N, O y C (Balesdent, & Mariotti, 1996; Glaser,
2005; Trumbore, 2009). Es bastante compleja y necesita tanto de equipamiento como personal altamente
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capacitados para las determinaciones (Doetterl et al., 2013; Winowiecki et al., 2017). EIl proceso de
combustion de la muestra y los analizadores, tienen costos asociados altos, por lo que limita la cantidad
de muestras que se pueden analizar.

El estudio de indicadores que permitan explicar el rol que cumple el suelo como fuente o reservorio de C
y sus posibles efectos en el calentamiento global puede incluir el andlisis del perfil del suelo en diferentes
condiciones edafoclimaticas (Crowther et al., 2016) como fuente de informacién importante para
comprender la dinamica del C. La extension y variabilidad de condiciones edafocliméticas encontradas en
Chile, otorgan un amplio espectro de posibilidades para la investigacion de procesos y patrones
relacionados con la dindmica del C en ecosistemas. Sin embargo, los costos de analisis de 8*3C por IRMS
en estos escenarios, aumenta dramaticamente, debido al elevado nimero de muestras que conlleva, lo cual
dificulta el levantamiento de informacidn necesaria para entender el intercambio de C atmdsfera-suelo y
demanda una aproximacién metodoldgica mas sencilla y econdémica que viabilice estos estudios.

La Espectroscopia de Infrarrojo Cercano (del Inglés: Near Infra Red Spectrophotometer, NIRS) es una
herramienta para el analisis de las propiedades del suelo que ha reportado excelentes resultados en la
determinacion cuantitativa del COS (Viscarra Rossel et al., 2006). Se ha demostrado que esta metodologia
puede predecir la cantidad de isétopos estables del carbono en el suelo (Fuentes et al. 2012; Doetterl et
al., 2013; Winowiecki et al., 2017). Principalmente existen antecedentes acerca del poder predictivo de
NIRS en material vegetal, en cuanto a la determinacién de contenido de C, N, lignina, celulosa, entre
otros. Ha tenido excelentes resultado y correlacion con las metodologias tradicionales (Black & Panozzo,
2001; Petisco et al., 2006; Kleinebecker et al., 2009), pero es necesario mayor informacion sobre la
prediccion de estos isétopos en el suelo debido a que aun es escasa.

Investigaciones previas han logrado predecir 83C en suelos (Fuentes et al. 2012; Doetterl et al., 2013;
Winowiecki et al., 2017). Estos antecedentes indican que el uso del NIRS permite desarrollar modelos
predictivos para la estimacion de 8C en suelos y aumentar el volumen de las muestras analizadas,
obteniendo buenos modelos predictivos y correlacion entre métodos. Fuentes et al. (2012) han trabajado
con esta nueva herramienta pero sélo han considerado un tipo de suelo y de uso agricola, por tanto no se
consideran las variaciones fisicas y quimicas que puede existir con distintos suelos. Por otro lado,
Winowiecki et al., (2017), ampliaron la cantidad de sitios estudiados (9 en total en Africa del Este) y
considero diferentes clases de vegetacion, que pueden afectar el contenido de C en el suelo; sin embargo
concluyeron que es necesario aumentar la cantidad de muestras de suelo analizadas a través de esta técnica,

para desarrollar un modelo predictivo mas robusto.



Las diferentes condiciones edafoclimaticas de Chile, ofrecen una oportunidad de generar un modelo
predictivo de C para estimar la abundancia de *C, a través de un transecto amplio (aproximadamente 4000
kms), considerando ademas, la prediccion de isotopos de C en diferentes profundidades del perfil del
suelo. De esta forma, serd posible aumentar la robustez del método NIRS y su validacion para diversos

suelos.

HIPOTESIS
La metodologia analitica de Espectroscopia de Infrarrojo Cercano (NIRS) conforma una aproximacion

vélida para estimar la abundancia natural de *C en diferentes series de suelos.

OBJETIVO GENERAL
Desarrollar y validar un modelo predictivo de C para estimar la abundancia de *3C en diferentes series de

suelos utilizando la técnica analitica de Espectroscopia de Infrarrojo Cercano (NIRS).

OBJETIVOS ESPECIFICOS
- Calibrar la técnica analitica de NIRS a traves de la técnica IRMS como referente, para evaluar el potencial
de prediccion de 8'3C en suelos.
- Validar técnica NIRS con muestras de suelo para la determinacion de abundancia natural de 3C para
diferentes tipos y profundidades del perfil de suelos bajo condiciones naturales de vegetacion de pradera

y distintas condiciones edafoclimaticas.
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Abstract

The role of soil in the global carbon cycle and carbon-climate feedback mechanisms have become
important topics of research in recent decades. Consequently, the development of simple, rapid, and
inexpensive methods to support the study of carbon dynamics in the soil is of great interest. Near-infrared
(NIR) spectroscopy has emerged as a rapid and cost-effective method for measuring soil properties. The
aim of this study is to develop and validate a predictive model for §'3C value using NIR spectroscopy
(NIRS) in a wide variety of soil profiles. Eleven sites were selected within a transect in Chile between 30°
and 50° S. These sites represent different soil moisture and soil temperature regimes, clay mineralogy,
parent materials, and climate; have prairie vegetation conditions; and contain C3-type vegetation. Air-
dried soil samples were scanned in the NIR at a resolution of 4 cm™, and the carbon isotopic composition,
expressed as 5'3C relative to the Vienna Pee Dee Belemnite (VPDB) standard, was analyzed via an
elemental analyzer-isotope ratio mass spectrometer (EA-IRMS) system. A prediction model for §C
values based on NIRS data was established trough a partial least-squares regression model, using nine
latent variables. The R? value for the validation set was 0.79, and the root mean square error prediction

was 1.16%o. These parameters of the model performance indicate that NIRS can be used to predict §3C
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for the selected dataset. The established prediction model was also applied to estimate §**C values in soil
profiles from ten additional sites distributed along the transect that were not used in the calibration and
validation of the model. The results of this study support the use of NIRS as a predictive tool in soil

analysis and as a nondestructive and waste-free methodology for the study of carbon dynamics in soil.

Keywords: Near-infrared spectroscopy, Isotope ratio mass spectrometer, Carbon isotope abundance,

513C, Andisols, Alfisols, Inceptisols, Mollisols, Carbon dynamics, Partial least-squares regression

1. Introduction

Soil organic carbon (SOC) represents one of the largest reserves of carbon in terrestrial ecosystems (Lal,
2006). However, studies indicate that the exchange of SOC with the atmosphere can vary depending on
climatic conditions, which raises questions whether the soil is a source or sink for atmospheric carbon
dioxide (CO.) (Carvalhais et al., 2014). Therefore, an understanding of SOC dynamics, particularly the
process of carbon stabilization, is crucial to predict the role of SOC in the carbon cycle under a changing
climate (Crowther et al., 2016). The potential for soil to sequester carbon depends primarily on soil
development and the interactions between weathering and biological processes that affect nutrient
availability (Doetterl et al., 2018).

Climatic factors control SOC degradation (Carvalhais et al., 2014); on the other hand, geochemical factors
stabilize soil organic matter (SOM). The interaction between climatic and geochemical factors on soil
carbon storage has been attracting attention (Doetterl et al., 2015). Furthermore, climate, vegetation, and
geochemical soil composition affect SOC dynamics (Finke et al., 2019). The influence of parent material
on soil geochemistry reveals the importance of the pedological characteristics and, therefore, soil types,
as a stabilizing influence on SOC (Finke et al., 2019).

The role of soil in climate change has become an important subject of research; consequently, the
development of methodologies to evaluate soil in support of SOC sequestration studies has attracted
attention. Intensive and reliable large-scale mapping is required to monitor changes in soil organic pools
(Bricklemyer et al., 2005; Mooney et al., 2004). SOM composition and carbon dynamics have been studied
in topsoil horizons for a long time; however, for the past decade, subsoil horizons have become a subject
of active research because of the recognition that subsoil carbon contributes to the total carbon stocks. To
date, less is known about the factors that stabilize carbon in deeper soil layers. Improving our knowledge

of these factors is essential to understand the feedback mechanisms between SOC stocks and atmospheric
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CO2 during climate change (Chabbi et al., 2009; Rumpel et al., 2002; Fontaine et al., 2007). Accurate and
low-cost methods of soil analysis are required because the number of soil samples typically involved in
such studies is large. During the past two decades, visible—near-infrared (vis—NIR) diffuse reflectance
spectroscopy has been developed as an easy-to-use methodology, and it is suitable for predicting several
soil properties (e.g., % C, % N, pH, and texture) (Viscarra Rossel et al., 2006; Petisco et al., 2006; Zornoza
etal., 2008).1

Many methods exist to study the dynamics of SOC, but techniques that measure the isotopic abundance
of 13C in SOC are useful to elucidate C-process dynamics (Balesdent, & Mariotti, 1996; Glaser, 2005;
Trumbore, 2009; Accoe et al., 2003). Some authors have proposed that the change in *3C content in soil
profiles can be used as an indicator of the stability of SOM (Accoe et al., 2003). The isotopic ratios of
several elements (e.g., carbon, nitrogen, oxygen) in the soil are typically determined using isotope ratio
mass spectrometry (IRMS) (Balesdent and Mariotti, 1996; Glaser, 2005; Trumbore, 2009). However,
IRMS is complex, requiring both sophisticated equipment and trained personnel, which limits the number
of samples that can be analyzed.

Near-infrared reflectance spectroscopy (NIRS) has many characteristics of interest for agronomic and
environmental studies. For example, sample preparation involves only drying and grinding, and the
analysis is non-destructive, requiring no hazardous chemicals and only a few seconds to obtain a
measurement. Furthermore, NIRS is suitable for analyzing large samples, and multiple soil properties can
be estimated from a single scan. In recent years, NIRS has also been used to determine the abundance of
stable carbon isotopes in the soil; previous studies have used NIRS to predict 8*3C in soil (Fuentes et al.
2012; Winowiecki et al., 2017). These studies indicate that infrared spectroscopy is a promising tool for
estimating 8'C in soil and provides an opportunity to increase the number of samples analyzed, which is
often required for studying carbon dynamics in soil (Accoe et al., 2003).

NIRS generates complex absorption patterns that need to be processed mathematically to correlate latent
variables with soil properties (Stenberg et al., 2010). Such analyses of soil spectra require the use of
multivariate calibrations (Martens and Naes, 1989) to capture the information that is relevant to the
calibration and validation of predictive models. The literature regarding the multivariate analysis of NIRS
data has increased dramatically recently, and good results have been obtained for multiple soil properties
(Theo, 2005; Viscarra Rossel et al., 2006; Viscarra Rossel and McBratney, 1998). NIRS is a more
accessible tool for analysis and a suitable alternative to conventional chemical methods of soil analysis
(Fuentes et al., 2012).
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We report the development and validation of a predictive model to estimate the §'C value in soil. In
contrast to other studies, this model ascribes the changes in the signals to a wide variety of soil types and
profiles under different climatic conditions. Implementing this alternative methodology using NIRS to
assess stable isotopes of carbon in soil is presented as a viable and low-cost technique for studying soil
carbon dynamics in wide transects and at different depths, factors that increase the complexity and cost of

the analysis.

2. Materials and methods

2.1. Soil Sampling

From the Chilean Coquimbo Region to Magallanes Region (30°-50° S), a total of eleven sites were
carefully chosen to represent the soil transect. For the selection criteria used, see Doetterl et al. (2015).
Briefly, these criteria included soils with a broad pH range (4.6—7.5) and a null HCI reaction; soils having
a variety of moisture regimes (aridic, ustic, xeric, udic, and perudic), soil temperature regimes (thermic,
isothermic, mesic, isomesic, and cryic), clay mineralogy (amorphous and crystalline); soils having
different parent materials (volcanic ash, alluvial, fluvio-glacial material, marine sediment, among others);
soils located within different climatic zones (arid-semiarid, Mediterranean arid, Mediterranean humid,
humid, and Magallanian); and soils in natural prairie vegetation conditions (C3-type vegetation). Field
sampling campaigns were conducted primarily during summer (2017-2018) and sampling units were
defined in plots of 50 x 50 m, from which six random soil cores were extracted. These campaigns were
an extension of the transect reported in Doetterl et al. (2015) and included additional depths of soil layers.
Some of the new sites used in this study are listed in Tables 1 and 2.

2.2. Sample preparation

Soil samples were collected in triplicates to a depth of 60 cm or less (until gravel material was
encountered) using polyvinylchloride (PVC) tubes (height: 35 cm; diameter: 90 mm) to extract
undisturbed soil samples. Samples were then transported to the University of Concepcion, where they
were stored in at —20 °C until further processing. Soil sample profiles were obtained at intervals of 2 cm
to 10 cm depth, at intervals of 5 cm between 10 and 30 cm depth; and at intervals of 10 cm between 30
and 60 cm depth. To obtain detailed soil layer data, tubes were cut using a custom-designed device that
actioned a steel saw unit at high speed. Care and rigorous attention were given to avoid contaminating the
soil with PVC powder or other materials. Samples were air-dried and sieved at 2 mm, and the fine roots

were removed using electrostatic energy, as described by Kuzyakov et al. (2001).
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2.3. Laboratory analysis

Samples were air-dried and scanned at NIR wavelengths (3500-12500 cm™) by diffuse reflectance. The
resolution was 4 cm, and the Fourier transform NIR (FT-NIR) system was a Bruker Matrix-1 (Bruker
Optics, Rheinstetten, Germany) located at the Soil and Environmental Laboratory of the Department of
Soil and Natural Resources, Faculty of Agronomy, Universidad de Concepcién. Soil samples were also
analyzed for carbon isotopes with an elemental analyzer-isotope ratio mass spectrometer (EA-IRMS)
(ANCA-SL, Sercon, Crewe, UK), coupled to a 2020 IRMS (Sercon, Crewe, UK), at the Isotope Bioscience
Laboratory (ISOFYS, www.isofys.be) of Ghent University, Belgium. The carbon isotopic ratio (**C/*2C)

of the soil samples is expressed relative to an international reference, using the delta notation (5§'C). The
delta value expresses the fractional difference in isotopic ratio between the sample and an international
reference. For 13C, the international reference standard used is Vienna Pee Dee Belemnite (VPDB) and is
typically expressed in parts per thousand (%o) (Chen et al., 2005).

2.4. Data treatment, model generation, and predictive model validation of §*C

All data were pre-treated, and partial least-squares (PLS) regression was performed using Pirouette
software (Infometrix, Bothell, WA, USA). PLS is a standard tool in multivariate analysis (Martens and
Naes, 1989). Pre-treatment of spectroscopy data is performed to eliminate nonlinearities produced by light
scattering; for NIRS of soil, these include variability in the light scattering due to soil roughness,
aggregates, structure, and particle size. Raw NIRS data were treated by smoothing (Savitzky-Golay filter,
11 points), multiplicative scatter correction (MSC), normalization, and mean centering. MSC is the most
widely used preprocessing technique for NIRS data, and artifacts or imperfections (e.g., undesirable
scatter effects) are removed from the data matrix prior to data modeling (Rinnan et al., 2009). From the
total data set (332 samples), six samples were identified as outliers using a leverages x studentized
residuals plot, available in the software and eliminated from the set. Of the remaining samples, 281 were
used as the training set for PLS calibration, and 45 samples were used as the external validation set.
Samples used as the external validation set did not participate in the construction of the PLS model and
were chosen randomly from samples with high, medium, and low §'3C values to test the performance of
the model along the complete range of §*3C values (Figure 1). The PLS model was calibrated using the
513C values obtained from EA-IRMS measurements. Leave-one-out cross-validation was performed on
the PLS model as an internal validation that approximates the results that are likely to be obtained from
external validation. This method removes one sample from the training set, performs a PLS regression on

the remaining samples, predicts the “octane value” for the left-out sample, and then tallies the error. The
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minimum number of latent variables were selected based on the decrease of root mean square error of
cross-validation (RMSECYV) using the leave-one-out method (Figure 2). Furthermore, Pirouette attempts
to estimate the proper number of principal components using an F-test to evaluate the predictive power of
the model. Finally, ten additional soil series from the transect were predicted by the model and used to

estimate 83C values.

3. Results

3.1. Sites and soil selected characteristics.

Table 1 describes soil-relevant characteristics of the eleven selected sites. The data are georeferenced and
illustrate the range of thermic and moisture soil regimes, geomorphology, and pedogenesis of the selected
sites.

In a second stage, chemical characterization was also considered (Table 2) to ensure that the most varied
content of selected parameters were assigned to the calibration set to establish a general model for other
samples in the transect. Generally, nitrogen content decreases with depth, and large differences between
locations are observed; however, in absolute terms, the lowest nitrogen values in topsoil (0—10 cm depth)
are in soil series from the northern portion of the transect (soil series: Calle Larga, Pimpinela, and
Bramaderos) and at 10-60 cm depth. The highest values are found in the extreme southern portion of the
transect (soil series: Puerto Cisnes, Bahia Exploradores, Aguas Frescas, and Santa Olga). Typically,
carbon content decreases with depth, and the lowest values in topsoil are found in soil series from the
northern portion of the transect; the highest values are found in soil series from the extreme southern
portion of the transect. At depths of 10-60 cm, the highest carbon values were found in the soil series
from Puerto Cisnes. Chemical results were consistent with physical results; the highest bulk density in all
three layers was found in the soil series from Bahia Exploradores, followed by soil series from the northern
portion of the transect (soil series: Calle larga, Pimpinela, and Bramaderos). Clay content also varies along
the transect. These chemical and physical parameters were important to establish which soil series should
be selected for calibration to encompass the most varied soil conditions. Once the chemical analysis of
these samples was carried out, we had data from a total of 332 samples with which to calibrate and validate
the PLS model.

3.2. NIRS as a predictive tool

The 3C data obtained from the 332 samples using EA-IRMS as a reference technique to construct the

calibration model with NIRS as the predictive tool. §*C values ranged from —31%o to —21.5%o. The
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spectra taken of samples from all depths were used in the construction of the model; however, the data
from 281 samples were used for the construction of the model. Six samples were eliminated as described
in the Materials and Methods section, and 45 samples were randomly selected for the external validation
of the model. The six eliminated samples were all soil series from Choshuenco, primarily at 10-30 cm
depth.

The results of our best calibrations are shown in Figure 2. The same process of transformation,
preprocessing, and processing of the spectral data was conducted on each calibration; the difference
between them is the number of latent variables that were used in the model. We selected a minimum
number of latent variables based on decreases in the RMSECV and F-test. According to the estimate
generated by Pirouette for the F-test, the optimal number of latent variables, or principal components, is
6. Using the RMSECYV, there is no significant difference between 6, 7, or 8 principal components;
however, in models of 9 or 10 components, the RMSECYV decreases relative to the 6-latent-variable model,
but there is no statistically significant difference between them. There is a small difference in RMSECV
between the 6- and 9-latent-variable models; therefore, based on the decrease in RMSECV, we selected
the 9-latent-variable model because of its prediction performance and suitability to estimate §*3C values
for soil samples within the entire transect.

The calibration statistical descriptors for the NIRS determination of 3*3C and the cross-validation runs for
the calibration are shown in Table 3. Parameters such as root mean square error prediction (RMSEP) and
R2, which describe the quality of the external validation for each model are shown in Table 3. The
differences between the two models are minimal. The RMSEP in each model is good, but that of the 9-
latent-variable model was slightly lower. These results also show that R? is greater than 0.65 for the
validation for 6- and 9-latent-variable models.

In Tables 4 to 6, the results from ten other additional soil series are described. Descriptive characteristics
of the sites are shown in Table 5, and the chemical and physical characteristics of the soil samples are
described in Table 6. Nitrogen content decreases with depth in these soil series, ranging from 0.7 to 7 g
N-kg? soil. The highest values are found in samples taken from soil series the extreme southern portion
of the transect. Carbon also decreases in depth. Differences are seen in the carbon content between soil
series from the northern and extreme southern portions of the transect, with soil series from the extreme
southern portion having the highest carbon content. Finally, the predicted mean + SD values of §*°C are
shown in Table 4. §*3C values ranged from —28.19%o ( 0.44%o) to —20.84%o (£ 0.99%o).
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4. Discussion

Improving our knowledge of soil carbon dynamics is essential for understanding the roles of soil carbon
in the carbon cycle and feedback mechanisms in climate change. Measuring soil carbon dynamics requires
accurate and low-cost soil analysis techniques because the number of samples needed in such studies is
large. Our study included different soil types and profiles that were established under different
environmental conditions to calibrate a predictive model to estimate 5'C using NIRS.

NIRS is a cost-effective method to assess the §3C of SOC. The PLS approach to data reduction delivered
good results when used for the processing of NIRS soil data; it reduced variability caused by unrelated
parameters, such as soil roughness, aggregates, structure, and particle size (Reyna et al., 2017). The PLS
approach is a standard tool in chemometrics (Wold et al. 2001); and it is also a common regression model
used to predict 5!3C (Martens and Naes, 1989).

NIRS calibration data for 1*C EA-IRMS, as presented in Tables 3 and 4, show that it is possible to establish
a suitable predictive model. Our primary concern was to select the correct number of latent variables; if
too few components are chosen, then the model will not have adequate information to make reliable
predictions. Conversely, if too many components are chosen, then the model will have noise as well as
information, which will result in less reliable predictions. Edaphoclimatic conditions in Chile are
extremely variable, which makes the issue of reliability important for developing a model to use with this
type of transect. Therefore, the model having more components was selected, and we proposed a predictive
model of nine latent variables. We evaluated the two candidate models based on the validation set
performance, and the quality of the 5'C values predicted using NIRS data as follows: 1) RMSEP values
were 1.41%o and 1.16%. for the six- and nine-latent-variable models respectively. RMSEP is a helpful
measure of accuracy because it reflects the average differences between measured and predicted values.
Winowiecki et al. (2017) conducted a study and obtained similar results (RMSEP = 1.95 and R? = 0.80
using PLS regression) for $*3C predictions in soil samples that differed primarily by vegetation class. 2)
R? values for the six- and nine-latent-variable models were 0.67 and 0.79, respectively (Table 3). Our
results are not only similar to those reported by Winowiecki et al. (2017) but also to those reported by
Fuentes et al. (2012). Among the three studies, the samples represented a wide range of conditions, such
as vegetation classes, crop residues and rotations, and edaphoclimatic. The good results obtained in these
studies favor the use of NIRS as a predictive tool, providing stable and rapid readings of 3C in SOC.
Zornoza et al. (2008) suggests there is a high demand for rapid and predictive soil data in environmental

monitoring, soil quality assessment, and emerging new methods of soil analysis. In their study, they
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correlate soil fertility, physical, and biological properties using NIRS. In our case, we first established
good predictions for the two selected models and then, based on the R? performance, the nine-latent-
variable model was chosen. Because our spectral data covered a wide variety of soil profiles, a general
technique capable of estimating §'3C values for the entire transect was needed. In this regard, we find that
the NIRS technique is very stable, and the predicted values between replicates have less SD than the
reference technique, which is likely due to the relatively large size of the samples assayed with NIRS,
minimizing problems with inhomogeneity.

Although the initial results were based on information from 11 sites, further estimates of §!3C values were
obtained from 10 additional sites in the transect to assess the prediction power of the methodology and the
quality of the data obtained. The §*3C values predicted using the nine-latent-variable model for the ten
additional soil profiles given in Table 5 are examples of the prediction capacity of the selected model; and
project its use for studying carbon dynamics in soil (Accoe et al. (2003) in a wide variety of soil profiles

(work in progress).

5. Conclusion

A prediction model for *3C values based on NIRS data was established using a PLS regression model
with nine latent variables and was grounded on parameters such as the R? for the validation set (0.79)
and a root mean square error prediction of 1.16%o. These parameters of the model performance indicate
that NIRS can be used to predict §'3C for a wide variety of soil profiles. The stable and rapid readings of
13C of SOC obtained in this study support the use of NIRS as a predictive tool in soil analysis and as a

nondestructive and waste-free methodology for the study of carbon dynamics in soil.
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Figure Legends

Figure 1. Flowchart of the model construction process.

Figure 2. Measured versus predicted 3*3C values for six and nine latent variables

Figure 3. Latent variables and the associated root mean square error of cross validation (RMSECV)

values.

Tables

Table 1. Description of the eleven sites used for the calibration and validation of the predictive model
Table 2. Chemical and physical properties of the eleven sites used for model construction

Table 3. Calibration and external validation performance values for selected models

Table 4. Prediction of soil 13C estimates at ten additional sites

Table 5. Description of the ten additional sites that were not used for the calibration or validation of the
model

Table 6. Chemical and physical properties of the ten additional sites that were not used for the calibration

or validation of the model
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Figure 1. Flowchart of the model construction process (source: own elaboration).
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WGS1984
Soil Suborder

Soil Series X Y STR SMR Geomorphology
(ddd,ddd) (ddd,ddd) (Soil Taxonomy)
Calle Larga -70.52162 -32.87609 Thermic Xeric Typic Argixeroll Piedmont
Pimpinela -70.72972 -34.32387 Thermic Xeric Mollic Haploxeralf Piedmont
Bramaderos -71.31464 -35.61330 Thermic Xeric Humic Haploxerand High alluvial terraces
Santa Bérbara -71.69721 -36.45816 Thermic Xeric Typic Haploxerand Old fluvioglacial terraces
Choshuenco -72.11120 -39.85941 Isomesic Udic Andic Dystrudept Hillocks and hills
Mayamo -73.79915 -42.05300 Isomesic Perudic Acrudoxic Durudand Gentle rolling hills
Aitui -73.61712 -43.05791 Isomesic Perudic Hydric Fulvudand High planes
Puerto Cisnes -72.61337 -45.38105 Isomesic Perudic Acrudoxic Fulvudand Fluvio-glacial terrace
Bahia Exploradores -73.06868 -46.50487 Mesic Udic Oxyaquic Hapludand Hills
Aguas Frescas -70.98860 -53.43267 Cryic Udic Inceptisol Marine terraces
Santa Olga -70.36106 -53.31478 Isomesic Perudic Inceptisol Marine terraces

X and Y: coordinates; STR: soil thermic regime; SMR: soil moisture regime.

Table 1. Description of the eleven sites used for the calibration and validation of the predictive model (source: own elaboration).
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Soil Series Nitrogen Carbon Bulk density Clay
(g N'kg1soil) (g C'kg? soil) (grem®) (%)

Depth (cm)  0-10 10-30 30-60 0-10 10-30 3060 0-10 10-30 30-60 0-10

Calle Larga 5.77 2.30 Ns 52.24 20.89 ns 14 1.8 Ns 32.3
Pimpinela 2.02 1.57 Ns 20.08 14.59 ns 0.9 11 Ns 36.0
Bramaderos 4.72 5.07 4.39 54.48 59.76 55.42 1.4 15 0.9 20.7
Santa Barbara 5.13 3.33 2.14 62.42 40.57 23.79 0.8 0.7 0.6 29.5
Choshuenco 9.28 4.29 3.91 108.00 43.26 47.11 0.7 0.5 0.8 15.6
Mayamo 10.96 6.43 4.61 138.55 91.88 59.44 0.7 0.6 0.8 8.4
Aitui 13.67 7.53 5.38 171.94 105.21 71.06 0.6 0.4 0.5 16.8

Puerto Cisnes 16.06 10.37 6.62 163.93 126.52 82.79 0.5 0.6 0.3 175
Bahia Exploradores 4.93 1.04 1.00 60.74 15.83 14.48 1.7 1.7 1.0 24.3
Aguas Frescas 4.54 0.50 Ns 67.66 13.26 ns 0.7 0.7 Ns 7.6
Santa Olga 7.65 4.77 Ns 150.23 91.86 ns 0.6 0.8 Ns 13.0

Table 2. Chemical and physical properties of the eleven sites used for model construction (source: own elaboration).

ns: not sampled due to an excessive amount of gravel
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Latent Variables N Variance (%) RMSEV r Val RMSEC r Cal RMSEP R?
6 281 99.55 1.17 0.78 1.14 0.80 1.41 0.67
9 281 99.79 1.12 0.80 1.04 0.84 1.16 0.79

n: sample size; RMSEV: root mean square error of cross validation; r Val: validation correlation; RMSEC: root mean square error

calibration; r Cal: calibration correlation

Table 3. Calibration and external validation performance values for selected models (source: own elaboration).
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Mean + SD values of 83C for the predictive model using nine latent variables

Depth (cm)  Catapilco  Bochinche Peule Collipulli  Bahia Mansa Corte Alto  La Tapera Simpson Murta Cochrane
X + X + X + X + X + X + X + X + X + X +

0-2 -23.89 0.29 -25.90 0.12 -25.74 0.16 -23.34 0.45 -28.19 0.44 -26.67 0.13 -26.71 0.10 -25.98 0.23 -28.04 0.69 -27.89 0.01
2-4 -23.78 0.20 -25.59 0.18 -25.64 0.13 -22.91 0.50 -27.86 0.16 -26.57 0.13 -26.83 0.19 -26.07 0.29 -27.61 0.28 -27.88 0.68
4-6 -23.85 0.22 -25.27 0.21 -25.67 0.03 -22.85 0.45 -27.77 0.04 -26.67 0.18 -26.30 0.37 -26.07 0.36 -27.40 0.24 -27.57 0.59
6-8 -23.68 0.08 -24.98 0.15 -25.67 0.06 -22.84 0.12 -27.83 0.23 -26.53 0.05 -26.25 0.29 -26.12 0.06 -27.19 0.22 -27.48 0.38
8-10 -23.43 0.14 -25.09 0.13 -25.66 0.16 -22.76 0.26 -27.78 0.26 -26.47 0.25 -26.26 0.26 -26.29 0.18 -27.05 0.14 -27.24 0.16
10-15 -23.31 0.17 -24.74 0.06 -2548 0.11 -22.17 0.69 -27.79 0.36 -26.04 0.27 -25.84 0.22 -26.09 0.23 -26.86 0.54 -26.67 0.23
15-20 -23.14 0.20 -24.70 0.04 -25.34 0.15 -21.17 1.75 -27.77 0.26 -26.08 0.18 -26.13 0.33 -26.20 0.35 -26.72 0.27 -26.43 0.30
20-25 -23.11 0.18 -24.81 0.14 -2541 0.25 -20.84 140 -27.78 0.80 -26.23 0.11 -25.97 0.26 -26.09 0.14 -26.56 0.37 -26.16 0.10
25-30 -23.04 0.21 -25.63 0.72 -25.53 0.07 -20.89 0.99 -27.58 0.54 -25.88 0.17 -25.66 0.20 -25.82 0.10 -26.53 1.21 -26.14 0.06
30-40 ns ns Ns ns -26,00 0,47 Ns ns -2792 0.88 -25.41 0.24 -25.46 0.29 -25.67 0.07 ns ns ns ns
40-50 ns ns Ns ns -2586 0,15 Ns ns -28.07 130 -24.81 0.04 -25.46 0.19 -25.41 0.10 ns ns ns ns
50-60 ns ns Ns ns -26,09 0,28 Ns ns -28.54 041 -24.60 0.63 -25.50 0.14 -25.21 0.06 ns ns ns ns

X: Average predicted 5'°C value; *: standard deviation; ns: not sampled due to an excessive amount of gravel

Table 4. Prediction of soil *3C estimates at ten additional sites (source: own elaboration)
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WGS1984

Soil Suborder

Soil Series X Y STR SMR Geomorphology
(ddd,ddd) (ddd,ddd) (Soil Taxonomy)
Catapilco -73.38968 -38.77412  isothermic Ustic Udollic Albaqualf Marine terraces
Bochinche -71.61243 -33.33901  isothermic Ustic Typic Haploxeroll Marine terraces
Peule -73.38968 -38.77412 Isomesic Udic Typic Endoaquept Alluvial terraces
Collipulli -71.69726 -36.45817 Mesic Udic Typic Rhodoxealf High remaining hillsides
Bahia Mansa -73.74889 -40.60894 Isomesic Udic Oxic Dystrudept Marine terraces
Corte Alto -73.15504 -40.90340 iscomesic Udic Typic Hapludand Remaining terraces
La Tapera -71.78442 -44.65847 mesic Udic Typic Hapludand Gentle rolling hills
Simpsons -71.93055 -45.81293 mesic Udic Andic Dystrudept Old alluvial terraces
Murta -72.61276 -46.56823 mesic Udic Typic Hapludand Hillocks and hills
Cochrane -72.64559 -47.32349 mesic Udic Andic Oxyaquic Dystrudept Rolling hills

X and Y: coordinates; STR: soil thermic regime; SMR: soil moisture regime

Table 5. Description of the ten additional sites that were not used for the calibration or validation of

the model (source: own elaboration).
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Nitrogen Carbon Bulk density Clay

Soil Series (g N'kgtsoil) (g C-kg' soil) (grem®) (%)
Depth (cm) 0-10 10-30 30-60 0-10 10-30 30-60 0-10 10-30 30-60 0-10
Catapilco 0.7 1.4 Ns 24.4 19.5 ns 1.7 1.6 ns 17.3
Bochinche 12 1.9 Ns 22.0 22.0 ns 1.7 1.9 ns 8.4
Peule 4.3 0.9 1.0 43.9 9.7 175 1.0 1.1 1.2 17.6
Collipulli 1.2 0.2 Ns 35.5 17.7 ns 1.6 14 ns 37.8
Bahia Mansa 4.6 1.4 1.0 64.4 30.2 16.4 1.1 1.2 1.4 39.8
Corte Alto 6.9 1.7 15 77.3 394 32.9 0.7 0.8 0.9 26.6
La Tapera 5.7 1.4 1.1 72.1 31.8 20.3 0.9 0.9 0.9 11.8
Simpsons 4.8 1.8 15 58.3 35.0 27.9 0.6 0.8 1.7 7.6
Murta 5.6 0.7 Ns 87.1 7.1 ns 0.7 0.7 ns 8.4
Cochrane 3.2 1.2 Ns 63.7 28.9 ns 0.6 0.9 ns 10.1

ns: not sampled due to an excessive amount of gravel

Table 6. Chemical and physical properties of the ten additional sites that were not used for the calibration

or validation of the model (source: own elaboration).
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CONCLUSIONES GENERALES Y PROYECCIONES

El estudio en torno al C del suelo y sus distintos reservorios (ej. l1&bil v/s recalcitrante) se ha venido
investigando durante mucho tiempo. Sin embargo, el cambio climatico ha generado incertidumbre en la
dindmica del C y, consecuentemente, de la influencia de cambios en la temperatura y precipitaciones en
la dindmica de estos reservorios. Existe actualmente la necesidad de reevaluar lo que se conoce hasta
ahora, debido a la controversia en la comunidad cientifica internacional respecto de la sensibilidad de
estos reservorios al cambio climatico.

Cuantificar la dinamica del C, del suelo especificamente, adquiere importancia en los ultimos afios, dentro
del contexto del cambio global, ya que los suelos juegan un papel importante en el intercambio de gases
tierra-atmasfera. Adn con los datos obtenidos a partir de las investigaciones, el conocimiento sigue
limitado por la ausencia de datos homogéneos que permitan generar modelos a través de escalas
temporales y espaciales. Esto se debe principalmente a la diversidad de metodologias existentes para la
cuantificacion de C, en sus distintas formas, de tal manera que se dificulta homologar la informacion para
crear bases de datos, importantes para el establecimiento de modelos predictivos de comportamiento de la
dindmica de C en los suelos del mundo.

Trabajar con nuevos instrumentos, ha entregado herramientas alternativas capaces de facilitar el trabajo
cientifico que se ha venido realizando las Gltimas décadas e integrar los datos que se estan obteniendo en
diversas partes del globo para unificar los datos. El uso de NIRS como una de estas nuevas herramientas,
permite, generar modelos predictivos a partir de distintas técnicas de referencia, a través de procedimiento
sencillo que disminuyen el uso de sustancias toxicas y que tienen la particularidad de no destruir las
muestras analizadas; ademas de disminuir los costos y tiempos de procesamientos, lo que ha potenciado
el uso de NIR como un instrumento alternativo a las técnicas convencionales.

El uso de la informacion contenida en los espectros, no se limita simplemente a la calibracion basada en
una técnica de referencia, sino que la informacién queda disponible para generar nuevas
calibraciones/validaciones y nos permite construir librerias espectrales, multiplicando el uso que se le da
a la informacion de los espectros, eliminado las limitaciones asociadas a la mayoria de las técnicas de

caracteristicas fisicoquimicas, hoy en dia utilizadas.
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Con este trabajo se ha logrado generar un modelo para la prediccion de la abundancia natural de *3C en
muestras de suelos secas y tamizadas, disminuyendo los costos y tiempos de procesamiento, y se ha
obtenido un total de més de 400 datos espectrales en un corto periodo de tiempo, lo que potencia a NIR
como un instrumento ideal, que, con ayuda de andlisis multivariado, tiene una buena capacidad predictiva.
El andlisis multivariado, es una herramienta estadistica que considera multiples variables de manera
simultanea, lo que se traduce en que podremos obtener el contenido maximo de informacion quimica
relevante, de los espectros con los que se trabajaron. En el marco del desarrollo de este trabajo de tesis,
la aplicacion de esta técnica contribuyé a identificar las variables cuya informacion es relevante, y
conseguir su correlacion con la técnica de referencia, en este caso IRMS, para el establecimiento del
modelo de prediccion.

Las principales limitaciones encontradas a la hora de establecer un modelo de prediccion se encuentran
en primer lugar, en las variadas herramientas (suavizado, derivadas, etc.) que se pueden utilizar durante el
pre procesamiento de los datos espectrales, para lo cual no hay una formula definida y se necesita
entrenamiento previo debido a que se evaltan los espectros de manera cualitativa. En segundo lugar, fue
necesario el uso de Regresion de Minimos Cuadrados Parciales (del Inglés: Partial Least Squares, PLS),
herramienta estadistica, cuyo objetivo dentro de este trabajo contribuye a homogenizar la variabilidad
espectral producida, entre otros, por la estructura del suelo. A diferencia de otras matrices, el suelo tiene
caracteristicas como el tamafio de particula, contenidos de agregados y cantidad de agua retenida cuyos
efectos principalmente apuntan a generar diferencias en la reflectancia de la luz.

Un tercer obstaculo a la hora de la evaluacion y validacion del método, es el desarrollo de modelos
robustos, que s6lo se consiguen con un tamafio muestral grande. Este problema podria ser solucionado
mediante el establecimiento de librerias espectrales, que sera posible crear a medida que nuevas muestras,
de diferentes sitios, se vayan incorporando a la informacion con la que se cuenta actualmente. Las librerias
espectrales, se utilizan como una coleccion de informacion disponible para nuevos andlisis. Asi sera
posible, por ejemplo, utilizar técnicas multivariadas exploratorias, como la técnica analisis de
componentes principales (ACP) que tiene por objeto transformar un conjunto de variables y ordenarlas de
acuerdo con la informacion que llevan incorporada para establecer mecanismos de clasificacion o
agrupacion entorno a la informacién de las muestras.

Analizando los resultados obtenidos, es importante considerar la variabilidad del suelo y de las
condiciones por las cuales se puede ver afectado. Tanto las condiciones climéaticas como las condiciones

edafologicas tienen gran predominio dentro de una calibracion a través de NIR, y se vuelven importantes
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a la hora de seleccionar el objetivo con el que se desea elaborar un modelo predictivo. Se puede optar por
generar modelos generales, que incorporen gran variabilidad en los datos, como se hizo en este caso.
También se puede generar modelos especificos, con mayor capacidad predictiva, pero cuyo uso se limita
generalmente a un tipo de suelo con caracteristicas fisicoquimicas definidas.

Actualmente nuestros esfuerzos se encuentran en proyectar lo aprendido en este trabajo, en continuar
generando calibraciones para otros parametros de relevancia cientifica como por ejemplo la constante de
la tasa de descomposicion de C, biomasa microbiana e incluso marcadores de biomasa presentes en suelo.
Esto gracias a que se puede contar con la informacidn contenida en los espectros analizados hasta la fecha,
para asi, crear nuestra propia libreria de datos espectrales de suelos chilenos.

Es posible plantearse como objetivo futuro, encontrar nuevos indicadores a través de los cuales se pueda
calibrar los espectros, que faciliten la interpretacion del estado de los suelos; mejorar el trabajo que se
realiza hoy en analisis de rutina. Una alternativa, es utilizar estas herramientas para mejorar el trabajo que
sea realiza hoy en dia en analisis quimicos y fisicos de rutina como la determinacion de materia organica,
contenidos de N, C y densidad aparente que, aunque ya ha sido probada por otros investigadores, la
aplicacion de la espectroscopia infrarrojo cercano en la determinacion de éstos, nos permitiria disminuir
el uso de reactivos toxicos y mejorar la eficiencia de laboratorios de servicios y/o investigacion que usan
actualmente técnicas convencionales, lo que ademas se traduciria en una disminucion de los costos de
analisis para los agricultores. Es por todo lo anterior que, a partir del afio 2018, la Red Latinoamericana
de Laboratorios de Suelo (LATSOLAN), a cargo de la Alianza Mundial por el Suelo (AMS), promotora
del manejo sostenible del suelo, indica el uso de tecnologias como el NIR, como una herramienta para
generar analisis no invasivos, econdmica y amigable con el ambiente, capaz de entregar diferentes analisis

con sélo una determinacion.
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