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Abstract

Improving our understanding of the functions and processes of soil microbial communities and their
interactions with the physicochemical soil environment requires large amounts of timely and cost-
efficient soil data, which is difficult to obtain with routine laboratory-analytical methods. Soil
spectroscopy with portable visible-to-near infrared (VNIR) and mid-infrared (MIR) instruments can fill

this gap by facilitating the rapid acquisition of biotic and abiotic soil information.

In this study, we evaluated the capabilities of VNIR and MIR spectroscopy to analyze soil
physicochemical and microbial properties in a long-term grassland biodiversity-ecosystem functioning
experiment. Soil samples were collected at the Jena Experiment (Jena, Germany) and measured with
portable VNIR and MIR spectrometers in field-moist condition to determine their potential for on-site
data collection and analysis. Reference data to calibrate spectroscopic models were acquired with routine
analytical methods, including PLFA extractions of microbial biomarkers. We further collected reference
VNIR and MIR data on pre-treated soils (dried and finely ground) to assess the anticipated impact of

field measurements on spectroscopic calibrations.

MIR spectra allowed more accurate estimates of soil physicochemical and microbial properties than
VNIR data on pre-treated samples. For soils in field condition, MIR calibrations were more accurate for
physicochemical properties, but VNIR data gave significantly better estimates of microbial properties.
Combined VNIR/MIR estimates achieved the most accurate estimation results for all soil properties in

each case.

Soil physicochemical properties could be estimated from VNIR/MIR data with high accuracy
(R? = 0.72-0.99) on pre-treated soil samples, whereas the results for soil microbial properties were more
moderate (R? = 0.66-0.72). On field-moist soils, estimation accuracies decreased notably for organic and
inorganic carbon (ARMSE =52-72%), improved slightly for soil texture (ARMSE =4-7%) and
decreased slightly for microbial properties (ARMSE = 4-9%). The VNIR/MIR estimates derived from
soils in field condition were sufficiently accurate to detect experimental plant treatment effects on organic
carbon, as well as bacterial and fungal biomass. We further found that spectroscopic estimates of soil
microbial properties were primarily enabled through indirect correlations with spectrally active soil
constituents, i.e., associations between soil microbial properties and the physicochemical soil

environment.

Our findings highlight the capacity of VNIR and MIR spectroscopy to analyze the physicochemical soil

environment, including potential on-site data collection and analysis on soils in field condition, and
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indicate that VNIR/MIR data can estimate soil microbial properties when soil physicochemical

properties shape the distribution of soil microbial communities.

1 Introduction

Soil microorganisms play a crucial role in the maintenance of soil ecosystem functioning, health and
fertility through the decomposition of plant material, the biogeochemical cycling of nutrients, and the
stabilization of soil aggregates (Chaparro et al., 2012; Bardgett and van der Putten, 2014; Fierer, 2017).
The soil microbiome, in turn, is influenced by above- and belowground inputs linked to the composition
of plant communities (Lange et al., 2015; Dassen et al., 2017) and the abiotic soil environment,
characterized by various soil physicochemical properties, including soil pH, organic carbon quality and
quantity, soil moisture, nitrogen and phosphorus, and soil texture and structure (Fierer, 2017; Xia et al.,
2020). At larger spatial scales, soil microbial diversity and abundance is primarily driven by
environmental factors such as climate, topography and land cover (Xue et al., 2018). Accordingly, soil
microbial properties can exhibit spatial variation at multiple nested scales (Ettema and Wardle, 2002),
with microbial community structure exhibiting as much variation within a single local soil sample as
there is between different biomes thousands of kilometres apart (Eilers et al., 2012; Ramirez et al., 2014).
Analyzing this variation may prove essential in further understanding soil microbial-plant interactions
(Classen et al., 2015) , larger-scale biogeographic patterns of microbial diversity (Xue et al., 2018; Yang
et al., 2019) or the response of soil microbial communities to climate change (Jansson and Hofmockel,
2020).

Efficient soil policy and management require detailed information on the distribution and diversity of
soil microbial properties; however, such data is often not available at appropriate spatial and temporal
scales (Guerraetal., 2020; Guerra et al., 2021). Current routine laboratory approaches (e.g., wet chemical
analyses, fatty acid profiling) may be too laborious or costly to obtain physicochemical and microbial
soil data at the necessary or desired spatial and temporal sampling density for such analyses (McBratney
et al., 2006; Viscarra Rossel et al., 2011). Soil diffuse reflectance spectroscopy in the visible/near-
infrared (VNIR) and mid-infrared (MIR) can complement routine analytical methods by providing a
faster and cheaper alternative method for collecting quantitative soil data (Nocita et al., 2015; Seybold
et al., 2019). Diffuse reflectance spectroscopy is sensitive to the presence and abundance of organic and
inorganic molecule bonds in the near- and mid-infrared and electronic transitions in the visible

electromagnetic range (Hunt, 1977; Nguyen et al., 1991). Through the interactions of electromagnetic
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radiation with the soil matrix, the diffuse reflectance spectrum provides extensive information on the
chemical composition of the soil (Parikh et al., 2014). The quantitative determination of soil properties
with VNIR and MIR spectroscopy requires chemometric calibrations, usually with partial least squares
regression (PLSR), to link the measured reflectance signal with the soil property of interest (Stenberg et
al., 2010). Soil properties at additional sampling locations within the calibration domain can then be

estimated from VNIR/MIR reflectance measurements without further conventional analyses.

Soil physicochemical properties (e.g., organic carbon (OC), nitrogen (N), soil carbonates (inorganic
carbon, IC), clay minerals and sand (quartz) content) can generally be estimated with high accuracy as
they are directly linked to several relevant absorption bands in the VNIR and MIR regions (Viscarra
Rossel et al., 2006; Kuang et al., 2012; Soriano-Disla et al., 2014). In contrast, VNIR/MIR calibrations
of soil microbial and biological properties have been discussed more controversially (Soriano-Disla et
al., 2014; Ludwig et al., 2015). As microbial biomass in mineral soils represents only about ~5% of total
soil organic matter, it seems unlikely to observe a directly related spectral signal or pattern in the VNIR
or MIR (Soriano-Disla et al., 2014). Some studies, although significantly fewer than for soil
physicochemical properties, have nevertheless shown that (micro)biological soil properties can be
estimated spectroscopically with moderate to high accuracy (Soriano-Disla et al., 2014; Ludwig et al.,
2015). These include microbial biomasses derived from PLFAs (Rinnan and Rinnan, 2007; Zornoza et
al., 2008), the fungal biomarker ergosterol and microbial soil carbon (Terhoeven-Urselmans et al., 2008;
Heinze etal., 2013; Vohland et al., 2017), and soil microbial biomass from 16S rRNA gene quantification
(Rasche et al., 2013). VNIR/MIR estimation models have been hypothesized to rely predominantly on
indirect correlations between soil biological and physicochemical properties that can be captured through
a direct spectral response of, e.g., total organic matter or soil texture parameters (Zornoza et al., 2008;
Ludwig et al., 2015). In this context, recently published studies have shown that much of the variation in
soil bacterial abundance and diversity at different scales can be modelled by VNIR and MIR soil
reflectance through its capability to characterize the soil habitat in its overall mineral and organic
composition (Yang et al., 2019; Ricketts et al., 2020).

Against this background, the recent introduction of portable, high-performance MIR spectrometers
(Forrester et al., 2015; Soriano-Disla et al., 2017; Hutengs et al., 2018), in conjunction with established
portable VNIR instruments (Stevens et al., 2006; Kusumo et al., 2008; Terhoeven-Urselmans et al.,
2008; Kuang and Mouazen, 2011), opens the opportunity for fast and cost-effective VNIR/MIR analysis
of soil physicochemical and microbial properties at the local scale, e.g., in the framework of globally

distributed ecological experiments or soil monitoring. First field studies with MIR measurements on
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field-moist, untreated soil samples have confirmed the potential for on-site analyses of soil OC (Hutengs
etal., 2019) and particle size distribution (Janik et al., 2020), with handheld MIR instruments potentially
allowing more accurate OC estimates than VNIR instruments (Hutengs et al., 2019). The application of
portable MIR instruments to evaluate more soil physicochemical and microbial properties, alone or

together with VNIR instruments, thus merits further investigation.

In this study, we examined the potential of VNIR/MIR reflectance spectroscopy with portable
instruments to analyze soil microbial properties coupled with soil physicochemical characteristics in the
framework of a long-term grassland biodiversity-ecosystem functioning (BEF) experiment. We aimed to
address two key issues as a fundamental prerequisite for the possible integration of VNIR/MIR analyses
with portable instruments in soil microbiological and ecological research, including (i) the capability of
VNIR/MIR calibrations to estimate PLFA-derived soil microbial properties and soil physicochemical
characteristics in field-moist condition; (ii) whether recently introduced handheld MIR instruments bring
an additional benefit for the analyses of the aforementioned soil properties, compared to VNIR
instruments alone. In addition, we explored the predictive mechanisms that underlie VNIR/MIR models
of soil microbial properties — indirect, i.e., mediated by spectrally active soil constituents such as OC and
soil texture, vs. signals directly linked to soil microbial biomass — as these have important implications
for VNIR/MIR model robustness and the ability to generalize across soil types and environmental
conditions. Moreover, we aimed to explore if VNIR/MIR reflectance spectroscopy is sufficiently

sensitive to detect local plant diversity and community effects on soil microbial properties.

2 Material and methods
2.1 Study site and soil sampling

Soil samples were collected at the Jena Experiment (Fig. 1; Roscher et al., 2004; Weisser et al., 2017)
field site, located on the floodplain of the Saale river in Jena, Germany (50°55'N, 11°35’E), in late August
2017. The biodiversity-ecosystem functioning experiment has 80 main plots with plant communities of
varying species richness (1, 2, 4, 8, 16, 60) and functional group composition (1-4 of grasses, small
herbs, tall herbs or legumes) arranged in a randomized block design to account for variation in soil
properties across the site (Roscher et al., 2004). The site's main soil type is a Calcaric/Eutric Fluvisol
(FAO) developed from loamy fluvial deposits. The site's physicochemical soil environment is
characterized by strong soil texture and soil carbonate gradients perpendicular to the Saale river. Sand

content decreases strongly from ~50% in Block 1, adjacent to the river, to ~5% in Block 4 at the opposite
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end of the site, while clay and soil carbonate contents increase in that direction. Block 4 also has a

relatively high carbonate content (~300 g CaCO3/kg) compared to the other blocks.
<insert Figure 1 about here >

Topsoil samples (0-15 cm) were collected from the 80 main plots by taking cores from two adjacent
subplots (160 in total) with a soil corer (~2 cm diameter; 5 cores per subplot). The subplots were
originally designated to a long-term summer drought treatment (Vogel et al., 2013) that ended in 2016.
A preliminary analysis showed that differences between the subplot treatments for all analyzed soil
properties were marginal. We thus decided to pool the adjacent samples, which resulted in a set of 80
soil samples corresponding to the main plots of the experiment.

The collected soil samples were sieved (<2 mm), packed in plastic bags and cooled at ~4 °C until
transport to the lab. Two subsamples of the material were taken for further analysis after homogenizing
the soil: The first subsample was used to collect VNIR and MIR reflectance spectra on field-moist soil
and was subsequently oven-dried and finely ground for routine analysis of soil physicochemical
properties and to collect a second set of VNIR/MIR data on pre-treated soil material. The second
subsample of the material was frozen and stored at —20 °C for PLFA analysis to derive soil microbial
properties from PLFA biomarkers.

2.2 Laboratory analytical methods

Soil physicochemical properties were determined on oven-dried (~40 °C) and, if necessary, finely ground
(<10 pum; Retsch PM 200, Retsch GmbH, Haan, Germany) soil subsamples, respectively. We determined
soil moisture content (H.O) as the weight difference between field-moist and oven-dried soil. Soil pH
was measured in CaCl. (potential acidity) with a glass electrode according to DIN ISO 10390 (2005).
Total carbon (TC) and nitrogen (N) were determined through gas chromatography after dry combustion
with an elemental analyzer (Vario EL, Elementar Analysensysteme GmbH, Hanau, Germany). We
measured carbonate content (CaCO:s) volumetrically following DIN ISO 10693 (2014). The inorganic
carbon (IC) present in CaCOs was then subtracted from TC to derive soil organic carbon (OC). Soil
texture information, i.e., sand and clay content, was taken from an existing plot-level database
(Kreutziger et al., 2018).

We used phospholipid fatty acid (PLFA) biomarkers to characterize soil microbial properties. PLFA
extraction and methylation were carried out following the protocol of Frostegard et al. (1991) as

described in Wagner et al. (2015). PLFAs were analyzed with a PerkinElmer Clarus 680 gas
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chromatograph, equipped with an SP-2560 capillary column (length: 100 m, diameter: 0.25 mm, film
thickness: 0.2 um) and a flame ionization detector using helium as carrier gas. PLFA biomarkers were
assigned to microbial biomass groups based on Willers et al. (2015): Bacterial biomass (PLFAgac) was
characterized by (i) gram-positive bacteria (PLFAe.; i14:0, i15:0, al15:0, i16:0, i17:0, i18:0), (ii) gram-
negative bacteria (PLFAc-; cy17:0, cy19:0) and (iii) PLFAs widespread in bacteria (16:1w7). The PLFAs
18:2w6,9 (saprophytic fungi, iv) represented fungal biomass (PLFAruw). PLFA biomarkers (i—iv) were
aggregated to determine total microbial biomass (PLFAwc). In addition, we considered the total
abundance of PLFAs in the sample (PLFA+or) for analysis. We further calculated the fungal-to-bacterial
PLFA biomass ratio (F:B) and the gram-positive-to-gram-negative bacterial biomass ratio (G+:G-) as
composite indicators of soil microbial community structure as well as the ratio of microbial PLFA
biomass (PLFAwc) to OC (MIC:OC).

2.3 VNIR and MIR spectral data measurements

Soils spectra on samples in field-moist condition were collected in the laboratory with portable VNIR
(ASD FieldSpec 4) and MIR (Agilent 4300) spectrometers as these instruments potentially allow the
rapid acquisition of spectral data on-site without further sample pre-treatment, either by extracting a
small amount of soil or by collecting measurements directly on a clean surface free from plant residues
(Hutengs et al., 2019). We additionally measured reference soil reflectance spectra on homogenized dried
and finely ground samples (~10 um) to put the results achieved with field-moist samples into context
and enable a comparison with the existing literature, which primarily refers to pre-treated soils, especially
in the MIR.

VNIR spectra (400-2500 nm) on pre-treated (dried and finely ground) sample material were
recorded using a FOSS XDS Rapid Content Analyzer (FOSS NIRSystems Inc., Laurel, USA) with ~10 g
of soil spread out evenly in a quartz-glass petri dish. The FOSS XDS is the reference instrument for the
EU-wide LUCAS topsoil database and its accompanying VNIR spectral library (Origiazzi et al., 2018;
Stevens et al., 2013) and allows slightly better spectral measurements and calibrations for laboratory
applications on pre-treated samples than the ASD Field Spec 4 (Gholizadeh et al., 2021). For each soil
sample, we measured diffuse reflectance with the FOSS XDS ontwo replicates at 2 nm spectral
resolution with a 0.5nm sampling interval and 32 co-added scans. Replicate spectra were
then averaged into a single VNIR spectrum. The instrument was re-calibrated with an internal reflectance

standard every ~30 min.
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On field-moist soil samples, VNIR measurements were recorded with a portable ASD FieldSpec 4
spectroradiometer (Malvern Panalytical Inc., Almelo, The Netherlands) equipped with a contact probe
attachment (Fig. 2). The loose soil (~20 g) was spread out evenly in a petri dish with a 7 cm diameter
and measured in direct contact between the material surface and the probe. The contact probe included
an internal halogen light source to ensure consistent illumination and measured bi-directional reflectance
at a 30° viewing zenith angle over a ~3 cm? area. We measured four replicates with 32 co-added scans
on each sample by rotating the contact probe by 90° after each scan to compensate for directional
reflectance effects. Reflectance spectra were collected at 3 nm (400-1000 nm) and 30 nm (1000-
2500 nm) spectral resolution at a sampling interval of 1 nm; a Zenith Polymer® panel was used for

instrument calibration at ~10 min intervals.
<insert Figure 2 about here >

MIR measurements on both field-moist and pre-treated sample material were collected in a small sample
holder (Fig. 2) with an Agilent 4300 Handheld FTIR (Agilent Technologies, Santa Clara, USA) using
the diffuse reflectance interface. The sample holder had a diameter of 2 cm and contained ~2 g of soil
material, which was gently levelled with a pestle before taking the handheld measurements. The Agilent
4000-series portable MIR instruments have recently been shown to deliver comparable calibration
accuracies to reference laboratory benchtop spectrometers on pre-treated samples (Soriano-Disla et al.,
2017; Hutengs et al., 2018). Measurements on dried and ground soil material were therefore carried out
with the same instrument as on the field-moist soils. The handheld instrument measured diffuse
reflectance in the 4000-650 cm- wavenumber range (~2500-15,000 nm) with a spectral resolution of
4cmt (~2.5nm and ~100nm at the respective endpoints of the spectral range), sampled at
~2 cm' increments; its spot diameter is <2 mm, corresponding to a measured sample area <0.03 cmz2. On
the finely ground soil material, two replicates with 64 co-added scans were measured and combined into
a single MIR spectrum. On the field-moist samples, which were not homogenized through grinding, we
collected four replicate measurements with 32 co-added scans, each on distinct subsamples. The MIR
spectrometer was calibrated with a manufacturer-provided gold-plated reference cap every ~10 min. For
laboratory analysis, more elaborate setups for the handheld MIR instrument, with potential gains in
spectral accuracy, would be possible (Soriano-Disla et al., 2017); we opted for the manual operation of
the instrument because on-site analysis is among the greatest potential advantages of these instruments
and our approach readily facilitates field application.

While the VNIR data were collected on different instruments for field-moist and pre-treated soils, in

contrast to the MIR data, previous studies showed that the effect of instrument-type on spectroscopic



248
249
250
251
252
253

254

255

256
257
258
259
260
261
262
263
264
265
266
267

268

269
270
271
272
273
274
275

276

calibrations (Knadel et al., 2013; Gholizadeh et al., 2021; Hutengs et al., 2018; Soriano-Dislaetal., 2017)
is minor compared to the effects of soil condition (field-moist vs. pre-treated) and spectral range (VNIR
vs. MIR) (Hutengs et al., 2019). In the following, we will therefore treat the Agilent 4300, ASD FieldSpec
4 and FOSS XDS measurements as representative of their respective spectral range for a given soil

condition.

2.4 Multivariate calibration and statistical analysis
2.4.1 PLSR calibrations of VNIR and MIR spectral data

We used partial least squares regression (PLSR; Wold et al., 2001; Wehrens, 2011) to calibrate predictive
models for soil physicochemical and microbial properties. Prior to PLSR calibration, VNIR and MIR
spectra were pre-processed with multiplicative scatter correction (MSC), standard normal variate
transformation (SNV) and L1-norm vector normalization, each applied to reflectance spectra (R) and
spectra converted to apparent absorbance units with A = logw (1/R), respectively. This resulted in a total
of eight spectral datasets for each spectral range, including the original reflectance and absorbance data.
We applied these standard spectral pre-processing techniques to remove undesired systematic variations
such as baseline shifts and drift from the spectra, which affect the predictive accuracy of PLSR models (
Rinnan et al., 2009). As overall cross-validated predictive accuracies were very similar for each pre-
processing technique but depicted different random error patterns, we combined the output of the
individual eight PLSR calibrations into a single ensemble estimate for each soil property and spectral
range:

9, _ Zk=aJik
i,SPEC p—

where SPEC is the spectral range (VNIR or MIR), yikis the PLSR prediction for sample i with spectral
pretreatment k, and m is the number of spectral pretreatments.

We further combined VNIR and MIR estimates through a precision-weighted average to generate
combined VNIR/MIR estimates that incorporate the spectral information acquired by each instrument

and take the accuracy of individual sensor models into account:

9 _ WynNIR " JivNIR T WMIR " YiMIR
i,VNIR/MIR =
/ WyNIR + WMIR ’
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where w = (RMSEca) ', i.e., the reciprocal of the root mean square error for a given soil property in 10-
fold cross-validation, is the overall precision of the VNIR and MIR model, respectively.

We averaged the individual estimates of VNIR and MIR models as this approach has recently been shown
to be superior to the merging of VNIR and MIR data into a single spectrum prior to calibration (Xu et
al., 2019). High-level data fusion approaches also generalize well to multi-sensor applications that could
combine VNIR and MIR spectra with, for example, data from XRF (X-ray fluorescence; O’Rourke et
al., 2016) and LIBS (laser-induced breakdown spectroscopy; Xu et al., 2019) sensors.

For model calibration and validation, we randomly divided the dataset of n = 80 soils into a training and
a test set. PLSR models were calibrated on the training set with nw.n = 40 soil samples. The number of
latent variables to retain was determined by 10-fold cross-validation on the training samples. Predictions
from the PLSR models were then evaluated on an independent test set which comprised the remaining
Nes = 40 samples.

As the randomized splitting into calibration and test set may favour either the VNIR or MIR spectral
range or lead to better calibrations for some soil properties simply by chance, we repeated this procedure
over 100 runs with different randomized train/test splits and report averages from the resulting
distributions of various accuracy statistics.

VNIR and MIR models were calibrated for OC, N, IC, sand and clay content, as well as the microbial
biomasses derived from the PLFA biomarkers. Soil pH and moisture content were excluded as their lab-
analytical determination is comparatively quick and inexpensive; in addition, specialized compact
proximal sensors to measure these properties in the field are readily available (Adamchuk et al., 2018).
We evaluated PLSR model performance for each soil property on the independent test sets with the
standard error statistics reported in soil spectroscopy studies (e.g., Hutengs et al., 2019), including root
mean square error (RMSE), the coefficient of determination (R?), mean error or bias (ME), the ratio of
performance to deviation (RPD) and the ratio of performance to interquartile distance (RPIQ).

RMSE differences for relevant combinations of spectral data (VNIR, MIR, VNIR/MIR) and soil
pretreatment (field-moist, dried/ground) across all soil properties were tested for statistical significance
using the Wilcoxon signed-rank test. This includes the three possible comparisons between spectral data
models within each soil pretreatment and three further comparisons between dried/ground and field-
moist models for VNIR, MIR and VNIR/MIR data, respectively. The results of the pairwise comparisons
are provided as Supplementary Material (S1). For individual comparisons highlighted in the text, we
used a Bonferroni-corrected significance threshold o * for m = 9 comparisons of interest across each soil

property given by a* = o/m; the adjusted traditional significance level « = 0.05 would thus correspond
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to (rounded down) a*=0.005; pairwise RMSE differences with p <0.005 were thus considered
statistically significant.

Multivariate PLSR calibrations, VNIR and MIR spectral data pre-processing and further computations
were carried out in the R statistical computing software (R Core Team, 2020) using the “chemometrics” (

Filzmoser and Varmuza, 2017) and “prospectr” (Stevens and Ramirez-Lopez, 2020) packages.

2.4.2 Multiple linear regression and linear mixed effects models

Multiple linear regression (MLR) models were used to estimate soil microbial properties derived from
PLFA analysis with the available physicochemical soil data (OC, N, IC, sand, clay, pH, H:O). The
comparison between MLR estimation accuracies and the VNIR/MIR PLSR models (Section 3.3) allows
drawing conclusions as to whether the soil reflectance data contain additional information regarding
PLFA-derived microbial biomasses beyond correlations with physicochemical bulk soil properties
(Ludwig et al., 2015).

Eigendecomposition and variance inflation factor (VIF) analysis of physicochemical soil data indicated
high collinearity in the MLR design matrix, which can make the least squares estimates of the regression
coefficients unstable (Faraway, 2014). MLR models were therefore fitted with ridge regression (Hoerl
and Kennard, 1970; James et al., 2013). Ridge regression computations were carried out with the R
package “glmnet” (Friedman et al., 2010). We evaluated MLR models in the same randomized
calibration-validation procedure described above for the VNIR and MIR PLSR models.

We additionally fitted simple linear mixed effects (LME) models for OC, PLFAegac, PLFArn and F:B
with the two main whole-plot treatments of the Jena Experiment as explanatory factors (number of sown
plant species (SP) and number of plant functional groups (FG)) to investigate whether estimates from
VNIR/MIR PLSR models provide comparable results to the laboratory analytical data when analyzing
treatment effects (Ball et al., 2020). LME models were constructed with the “lme4” package in R (Bates
et al., 2015). The general structure was: Response ~ SP + FG + SP x FG + (1|BLOCK), where BLOCK
refers to the blocks in the Jena Experiment's layout, included as a random effect. The 60-species plots
are not replicated within the experimental blocks (Fig. 1) and were excluded from the LME analysis.
Fixed effect terms were added sequentially to the model as prescribed by the experimental design in the
order SP, FG, SP x FG. Model selection was carried out by considering the Akaike Information Criterion
(AIC) and the statistical significance of the added terms. Statistical significance of the added terms was
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calculated based on the likelihood ratio statistic of the nested models in sequence using the parametric

bootstrap method implemented in the “pbkrtest” R package (Halekoh and Hgjsgaard, 2014).

3 Results
3.1 Descriptive statistics of soil physicochemical and microbial properties

Soils from the Jena Experiment (Table 1) had moderate OC contents of ~20 g/kg on average, ranging
from 12.9-32.4 g/kg with substantial variation (SD = 3.5 g/kg) due to the nature of the experimental site.
IC content was substantial (mean = 16.6 g/kg) and variation in soil pH limited accordingly (7.0-7.8),
with ~75% of the samples falling into the neutral pH range. Soil texture ranged from sandy loam to silt
loam following a gradient perpendicular to the Saale river with sand contents of up to 48% on
experimental plots near the river and only 3% on the plots farthest away. Microbial biomass varied
between 6.7 and 17.0 pg/g; PLFAwmc made up about half of all extracted PLFAs. Soil microbial
community composition was dominated by bacteria with F:B ratios between 0.13 and 0.31 across the

site. G+ bacterial biomass was more abundant than G— bacterial biomass by a factor of ~6.5 on average.

< insert Table 1 about here >

Soil physicochemical and microbial properties were significantly intra- and inter-correlated across the
site (Fig. 3, Supplementary Material S2). OC was strongly correlated with total N (r = 0.86) and showed
weak correlations with sand (r = —0.25) and clay content (r = 0.27). PLFA-derived microbial biomasses
correlated well with OC (r=0.61-0.73), except for the more moderate correlation with
PLFA:u (r = 0.47). PLFA quantities, with the exception of PLFArun, Were further strongly correlated
among each other (r = 0.91-0.99). Correlations between PLFAru and the other PLFA fractions were
generally weaker (r =0.74-0.90). Both PLFA biomasses and OC correlated well with soil moisture
content (r =0.57-0.68); correlations between soil pH and PLFA biomasses were generally weak
(r<0.25). F:B ratios across the site were negatively correlated with sand content (r =—0.64) and
positively with IC (r = 0.68) and clay (r = 0.46); correlations of F:B with soil texture and IC were larger
than with pH (r = 0.24), soil moisture (r = 0.28) or C:N ratios (r = —0.23). OC and F:B ratios were not
significantly correlated.

< insert Figure 3 about here >
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3.2 VNIR and MIR spectral measurements

Soil reflectance spectra collected on pre-treated sample material in the VNIR and MIR (Fig. 4a and b)
depicted organic-affected but otherwise minimally altered (low Fe oxide absorption at ~650 and 900 nm)
mineral soils. MIR spectra indicated intermediate clay contents (kaolinite and smectite clays,
~3695 cm*and ~3620 cm) and moderate organic matter content (aliphatic C—H stretch, 3000-
2800 cm). Substantial amounts of soil carbonate were evident from the spectra (broad absorption peak
with a shoulder at ~2500 cm-?); spectral variation from 2000 to 1790 cm indicated significant variability
in silica (quartz/sand) content (Fig. 4b). The VNIR range exhibited smaller absorption features primarily
due to carbonate overtones (~2350 nm), overtone and combination bands of water and hydroxyl (OH) in
water-bearing minerals (~1400 nm, ~1900 nm) and combinations of metal-OH and OH vibrations in clay
minerals (2200-2300 nm) (Fig. 4a).

<insert Figure 4 about here >

For field-moist soils, the measured VNIR and MIR reflectance curves changed substantially. Total
reflectance was lowered by about 50% on average, and soil spectra in both regions were more variable (
Fig. 4c and d). In the VNIR, field-moist spectral data additionally depicted a flatter reflectance slope in
the visible range (500750 nm) and strong absorptions due to soil water at ~1400 nm and ~1900 nm (
Fig. 4c). In the MIR, the absorption features described for the pre-treated soils were still identifiable but
significantly attenuated. The wide OH-band centred at ~3400 cm- for dried soil broadened further, and

spectral variation increased from 3000 cm-* to 1750 cm (Fig. 4d).

3.3 VNIR and MIR PLSR calibrations for soil physicochemical and microbial properties

3.3.1 Soil physicochemical properties

Soil physicochemical properties could be estimated with high accuracy (R2>0.82) on pre-treated
samples (Table 2), except for clay content (R2 = 0.67-0.72) and total N in the VNIR range (Rz=0.73).
MIR estimates were more accurate than VNIR estimates, especially for OC (ARMSE = 23%, p < 0.001),
IC (ARMSE = 46%, p < 0.001) and N (ARMSE = 22%, p < 0.001). Differences between VNIR and MIR
for sand and clay content were marginal and not statistically significant (ARMSE
~2%; Psana = 0.033, peiay = 0.211). Combined VNIR/MIR estimates achieved the best estimation results
overall. Improvements were small (ARMSE = 4-11%, p < 0.001) but consistent across all estimated soil
properties except for N (ARMSE ~0%, p = 0.129).

< insert Table 2 about here >
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PLSR calibrations on field-moist soils were overall less accurate but not for all soil properties. Estimation
accuracy for both VNIR and MIR data decreased notably for OC and IC (ARMSE =51-61% and 20—
48%, p < 0.001). For N, MIR accuracy decreased by ~11% (p < 0.001), while VNIR accuracy improved
slightly (ARMSE = 4%, p = 0.004). Estimates of sand and clay content from field-moist soils were not
significantly different from pre-treated samples (ARMSE = 2-4%, p = 0.050-0.574). Similar to the
different performances on pre-treated samples, MIR spectra gave more accurate estimates than VNIR
data for all considered soil properties (ARMSE = 3-34%); for clay content, however, the RMSE
difference was not statistically significant (p =0.011). Combined VNIR/MIR estimates were also
consistently more accurate than models for each individual spectral region showing further
improvements (ARMSE = 4-15%, p < 0.001) comparable in magnitude to the models for pre-treated
soils.

Direct comparison of VNIR/MIR estimates and laboratory reference values showed that estimation errors
were generally consistent and unbiased over the calibrated range for all soil physicochemical properties
except clay content (Supplementary Material S3). The comparatively inaccurate estimations for clay
content resulted from a systematic underestimation of higher values. For clay contents >23%, the
VNIR/MIR estimates had little predictive value. PLSR calibrations on field-moist soils also appeared to

underestimate the highest OC values systematically.

3.3.2 PLFA-derived soil microbial properties

Estimation accuracies of soil microbial properties (Table 3) were less accurate (R2=0.47-0.72)
compared to soil physicochemical properties (Section 3.3.1). On dried sample material, MIR calibrations
for all PLFA quantities were more accurate than VNIR models (ARMSE = 4-10%, p <0.002), and
combined VNIR/MIR estimates further improved accuracy slightly (ARMSE = 3-7%, p <0.001). On
field-moist soils, however, VNIR estimates were more accurate than MIR estimates for all PLFA
quantities (ARMSE = 5-19%, p < 0.001), except for PLFAG: (ARMSE ~0%, p = 0.513). In the MIR,
estimation accuracy decreased substantially compared to the pre-treated sample material (ARMSE = 12—
28%, p < 0.001). In contrast, differences between VNIR estimates on field-moist and pre-treated soils
were not consistent (ARMSE =—7 to +8%). For PLFAr, PLFAwcand PLFAeac, the accuracy
differences were not statistically significant (ARMSE =-1 to +3%, p =0.213, 0.547 and 0.008,
respectively). Combined VNIR/MIR estimates still yielded the best results with moderate but consistent
improvements in estimation accuracy for all PLFA quantities (ARMSE = 2-10%, p < 0.001). Compared
to combined VNIR/MIR estimates on pre-treated sample material, estimates of PLFA quantities on field-
moist soil were only slightly less accurate (ARMSE = 4-9%, p < 0.001).
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< insert Table 3 about here >

The comparison of VNIR/MIR estimates and laboratory reference values across all validation samples (
Fig. 5) showed that estimation errors for soil microbial properties were consistent and mostly unbiased
across the calibrated range. Some bias for estimates in the tails of the soil property distributions was
apparent, i.e., under- and overestimation of high and low values, respectively, and slightly more
pronounced for calibrations on field-moist soils. Apart from that, differences in estimation error

distributions between pre-treated and field-moist PLSR calibrations appeared negligible.

<insert Figure 5 about here >

Despite relatively moderate estimation accuracies, VNIR/MIR estimates could mostly reproduce the
conditional distributions of soil microbial properties for the main treatments of the Jena Experiment (Fig.
6). The distributions of selected soil properties (OC, PLFA&ac, PLFAru, F:B) by plant species richness
and functional group richness for lab-analytical data showed that OC, PLFAgac, PLFAu\ increased with
SP (Fig. 6a), and to a lesser degree FG (Fig. 6b), whereas the F:B ratio remained relatively constant. The
VNIR/MIR estimates reproduced these trends well overall, but the differences between the most

extensive treatment contrasts (e.g. monocultures vs. 16-species plots) were smaller in the spectral data.

<insert Figure 6 about here >

Additionally, we analyzed whether VNIR/MIR estimates could be used to detect plant treatment effects
on OC, PLFAG&ac, PLFAru and F:B by comparing LMEs that used the laboratory-analytical data as input
(Table 4a) with models fitted with the spectroscopic estimates (Table 4b). For OC, PLFAgac
and PLFArun, the VNIR/MIR estimates yielded the same model structure and similar effect sizes as

the lab-analytical data.

< insert Table 4a about here >
< insert Table 4b about here >

For lab-analytical data, SP explained a statistically significant amount of variation, after accounting for
the experiment's block layout, for OC (AAIC =—18.2, p <0.001), PLFAeac (AAIC = —41.1, p <0.001),
PLFArun (AAIC =—41.8, p <0.001). In contrast, including FG did not improve model fit significantly
for either oC (AAIC =3.1, p =0.394), PLFAgac (AAIC = 0.3, p =0.126) or
PLFAru (AAIC = 5.0, p = 0.793). Fitting the LMEs with VNIR/MIR estimates instead also indicated
statistically ~ significant ~ contributions of SP  for OC  (AAIC=-21.2,p<0.001),
PLFAeac (AAIC =—-36.8, p < 0.001), PLFA:un (AAIC =-36.9, p < 0.001) and no statistically significant
overall contribution of FG (OC:AAIC=3.0,p=0.394; PLFA:: AAIC=5.0,p=0.801,;
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PLFArun: AAIC = 4.1, p = 0.584). Effect sizes were similar in direction and magnitude but overall
smaller when the VNIR/MIR data was used in the analysis.

For analysis of the F:B ratio, however, VNIR/MIR estimates were not accurate enough. Lab-analytical
data indicated statistically significant contributions of both SP (AAIC =-5.6, p =0.009) and FG
(AAIC =-2.9, p =0.030), but not their interaction (AAIC = 6.2, p = 0.313). F:B increased with SP and
decreased with FG. VNIR/MIR estimates of the F:B ratio led to the same model structure
(SP: AAIC =-8.9, p=0.002; FG: AAIC =—-3.7, p =0.021; SP x FG: AAIC = 4.2, p = 0.199). However,
the model coefficients diverged in size and direction, leading to different conclusions about the impact
of FG on the F:B ratio. If the VNIR/MIR estimates were used instead, contributions of both above-ground

treatment factors were positive and close to zero.

3.4 Predictive mechanisms for PLSR calibrations of soil microbial properties

The evaluation of correlation profiles for VNIR and MIR spectra (Fig. 7) showed that soil
physicochemical and microbial properties in both spectral ranges had high correlations over a wide range
of reflectance bands. Correlation profiles for soil microbial properties were overall very similar. Only
PLFA:u\, which had a lower correlation with the other PLFA quantities (Section 3.1), depicted a slightly
deviating correlation pattern. The observed correlation patterns for soil microbial properties mostly
matched those of soil physicochemical properties. High correlations between PLFA quantities and OC
and N, for example, were mirrored in similar spectral correlation profiles, as was the stronger association
between PLFAu and IC and sand content. The observed correlation patterns differed substantially
between spectral measurements on pre-treated and field-moist sample material. Correlations over
individual spectral ranges were reversed in some cases (e.g., over the main OH band ~3400 cm in the
MIR or the metal-OH absorption range 2200-2300 nm in the VNIR). However, the high overall
similarity among correlation patterns was also evident for the field-moist samples, except for sand and

clay, which diverged substantially compared to the pre-treated soils.

< insert Figure 7 about here >

Due to the high agreement of spectral correlation patterns between soil physicochemical and
microbial properties, we investigated if MLRs with OC, N, IC, pH, soil moisture, sand and clay content
could estimate PLFA quantities accurately (Table 5). MLR models accounted for ~50% of the variation
in the soil microbial properties with estimation accuracies between Rz = 0.49 and 0.55. In comparison,

VNIR/MIR calibrations on field-moist samples explained ~13% more variance (R? = 0.61-0.68), on pre-
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treated samples ~17% (R2 = 0.66-0.72). MLR estimates were also less accurate than PLSR calibrations
for individual spectral ranges and sample pretreatments, except for MIR data collected on field-moist
samples, which gave comparable results (R = 0.47-0.59).

< insert Table 5 about here >

Apart from the correspondence between correlation patterns of soil microbial and
physicochemical properties, spectral correlation profiles also depicted strong similarities among the
PLFA quantities. Analysis of ratio indices, which tend to remove mutually shared underlying
correlations, calculated from the VNIR/MIR estimates (Table 6) showed that these were substantially
less accurate than estimates for the corresponding input soil properties. Rz values for MIC:OC, F:B and
G+:G—were 0.43, 0.52 and 0.33, respectively, for calibrations on pre-treated samples. Accuracy for the
ratios was lower for field-moist sample material (R2 = 0.21-0.43). VNIR/MIR calibrations on pre-treated
samples still accounted for considerably more variance in the ratio indices than MLRs. However, MLRs
provided comparable results (Rz = 0.16-0.42) to VNIR/MIR PLSR calibrations on the field-moist sample

material.

< insert Table 6 about here >

4 Discussion
4.1 Associations of soil physicochemical and microbial properties at the Jena Experiment site

The soil microbial community at the Jena Experiment site was significantly associated with the
physicochemical soil environment. Soil pH, the quantity and quality of organic matter (e.g., OC, N), soil
moisture and soil texture (e.g., sand and clay content) are generally among the main factors influencing
soil microbial communities (Fierer, 2017). Previous studies at the Jena Experiment have shown that
changes in soil microbial community structure (e.g., PLFA&ac, PLFA-u, F:B) have likely been driven by
the quality and quantity of organic resources varying with plant diversity (Lange et al., 2015; Mellado-
Vazquez et al., 2016) causing a significant plant diversity effect on soil microbial properties and
communities (Eisenhauer et al., 2010, 2017). The positive relationships we found between soil microbial
biomass and soil moisture and clay content are also in line with previous findings at the Jena Experiment
site (Eisenhauer et al., 2010; Lange et al., 2014).

Strong associations between soil physicochemical characteristics (OC, N and moisture) and PLFA-
derived soil microbial properties across multiple land-use types have also recently been reported by
Zhang et al. (2016). Contrary to other studies (Zhang et al., 2016; Xia et al., 2020), the influence of soil
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pH on microbial properties was relatively limited at the Jena Experiment site, possibly due to the narrow
pH range buffered above the neutral point through the presence of significant amounts of CaCO:s in the
site's soils.

4.2 VNIR and MIR spectral measurements with portable instruments

The collected VNIR and MIR spectra captured the major compositional features of the Jena Experiment
site's soils, i.e., moderate OC contents, substantial amounts of IC in the soils and predominantly loamy
soil texture. For pre-treated samples, VNIR and MIR diffuse reflectance spectra have been described in
detail elsewhere, including key absorption features of organics and minerals and possible band
assignments (Stenberg et al., 2010; Parikh et al., 2014).

Importantly, the spectral data we collected on soils in field condition (variable particle size and soil
moisture) appeared to retain much of the relevant soil information in the form of significant absorption
features. It is well known that variable water content impacts diffuse reflectance spectra significantly,
especially in the MIR (Reeves, 2010; Stenberg, 2010; Nocita et al., 2013; Janik et al., 2016), where water
absorbance is much stronger than in the VNIR, highly non-linear and can lead to severe spectral
distortions (Janik et al., 2016). The MIR data we collected with the handheld instrument on field-moist
soils, however, depicted higher reflectance values at ~4000 cm, where the spectral ranges from both
instruments connect, likely due to differences in instrument technology and sampling setup.

For the VNIR instrument, the contact probe attachment provides a standardized measurement method to
collect data on loose soil samples. The MIR instrument, on the other hand, was not explicitly designed
for soil analysis and required more care during data collection, especially on soils in field condition. For
field-moist soils, compacting the samples in a small sample holder to minimize pore space and increase
signal strength was necessary, for example, to obtain high-quality spectra with relatively little noise. This
may have also inadvertently benefitted MIR measurements by breaking up soil aggregates to make them
accessible to the IR beam (Forrester et al., 2015).

It is important to note that the impact of soil moisture on MIR spectra depends on both the amount of
soil water present and its interaction with the soil matrix (Janik et al., 2016; Silvero et al., 2020). Clay-
rich soils, for example, tend to cause minimal distortion at moisture contents typical of field conditions
compared to high sand soils (Janik et al., 2016). While we did not observe any severe distortions in our
MIR spectra, field analysis of MIR data should thus preferably be carried out at lower soil moisture

levels. If permissible, air/sun-drying the sample material has been shown to work well and might be an
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option to limit the confounding effects of soil moisture on spectra collected in the field (Reeves et al.,
2010; lzaurralde et al., 2013).

4.3 Estimation accuracies of VNIR and MIR PLSR calibrations on pre-treated and field-moist
soils

4.3.1 Soil physicochemical properties

VNIR and MIR PLSR models gave accurate estimates of soil physicochemical properties on pre-treated
sample material with better calibrations in the MIR, as expected, based on the vast body of VNIR and
MIR soil spectroscopy literature (Stenberg et al., 2010; Soriano-Disla et al., 2014). More specifically,
our results corroborate more recent findings on the performance of handheld MIR instruments, which
have been shown to achieve quantitative calibrations of soil physicochemical properties comparable to
established benchtop laboratory spectrometers (Soriano-Disla et al., 2017; Hutengs et al., 2018;
Martinez-Espafia et al., 2019; Janik et al., 2020).

The relatively moderate estimation accuracies for soil clay content compared to other studies (e.g., Ng et
al., 2019) were somewhat unexpected, however, given the established spectral response of clay minerals
in the VNIR and MIR (Nguyen et al., 1991; Parikh et al., 2014). Deviations between estimated and
reference soil clay content possibly resulted from a mismatch between soil clay mineral content and the
clay particle size fraction due to the presence of significant contributions of fine-grained calcite crystals
(Kerry et al., 2009).

Combining VNIR and MIR PLSR estimates yielded small but consistent improvements in estimation
accuracy for our data, in line with previous studies that combined spectral information from each range
through various methods. This includes concatenating VNIR and MIR data into a single spectrum prior
to modelling (Knox et al., 2015), merging VNIR and MIR data through the outer product of the spectral
data matrices (Terra et al., 2019) and Bayesian model averaging of VNIR and MIR estimates (Xu et al.,
2019).

PLSR calibrations on soils in field condition gave satisfactory results overall, although estimates for OC
and 1C were substantially less accurate than on pre-treated soils. Based on previous studies with VNIR
instruments, decreased calibration accuracy on field-moist soils was expected (e.g., Stevens et al., 2006;
Terhoeven-Urselmans et al., 2008; Kuang and Mouazen, 2011; Hong et al., 2018; Hutengs et al., 2018)
as sample-wise variation in moisture tends to confound the relationships between the measured

reflectance signal and the soil constituents of interest (Nocita et al., 2015). However, this effect is not
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necessarily universal for all soil moisture levels, soil types and soil properties, as rewetting experiments
have shown (Stenberg, 2010; Nocita et al., 2013). Similar to our findings, Marakkala Manage et al.
(2018) recently demonstrated that soil moisture decreases VNIR calibrations of OC rather severely but

had comparably little influence on estimates of sand and clay content.

MIR data has generally been expected to perform worse for the analysis of field-moist soils than the
VNIR due to the more severe impact of soil water on the reflectance signal in the MIR (Reeves, 2010;
Kuang et al., 2012). Interestingly, we found that the MIR instrument allowed more accurate PLSR
estimates across all soil physicochemical properties for field-moist soils. For OC, this was in line with
results we recently reported for in situ VNIR and MIR measurements on a set of finely-textured
Chernozem soils (Hutengs et al., 2019). In contrast, Reeves et al. (2010) reported substantially less
accurate estimates for OC and N when comparing VNIR and MIR calibrations on soils in field condition.
For soil texture, Janik et al. (2020) recently showed that estimates of sand and clay content were
significantly better on pre-treated than in-situ soils, unlike what we found here for the Jena Experiment
site.

Given the complex interactions between soil texture and moisture content in the MIR (Janik et al., 2016),
further case studies will be necessary to determine if MIR instruments generally allow improved
estimates of soil physicochemical properties on field-moist soils and under which boundary conditions
(e.g., soil types, moisture levels, particle size distribution). In this context, the fact that combined VNIR
and MIR estimates also achieved the most accurate results on field-moist soils was promising, as it
indicates that the synergistic use of VNIR and MIR instruments has the potential to significantly advance

on-site soil spectroscopy.

4.3.2 PLFA-derived soil microbial properties

For PLFA-derived soil microbial properties, we found generally less accurate estimation accuracies for
VNIR and MIR PLSR models than for soil physicochemical properties, which is in line with the available
literature summarized by Soriano-Disla et al. (2014). In the VNIR, for example, previous studies reported
calibration accuracies of Rz ~0.62 to ~0.90 and R2 ~0.58 to ~0.85 for microbial biomass C and ergosterol
fungal biomarkers, respectively (Rinnan and Rinnan, 2007; Terhoeven-Urselmans et al., 2008; Heinze et
al., 2013). Comparable results were reported for the MIR spectral region (Ludwig et al., 2008, 2015,

2016; Rasche et al., 2013). For PLFAs in particular, Rinnan and Rinnan (2007) reported Rz values of
0.61 for PLFAwr and PLFA«u for VNIR calibrations of highly organic soils in a long-term climate
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manipulation experiment. A more extensive set of PLSR calibrations for PLFAs in the NIR, comparable
to our study, was reported by Zornoza et al. (2008) for arable and forest soils. They found cross-validated
Rz values of 0.91 for PLFA~or, 0.93 for PLFAeac, 0.77 for PLFAru, and 0.60 and 0.91 for PLFAG- and
PLFAG., respectively. In this context, it should be noted that Rz scores for spectroscopic calibrations can
strongly depend on the variation in the data. For a given soil property, Rz, i.e., the explained variation of
the model estimates, increases with the standard deviation of the data given the same RMSE. While
RMSEs also tend to increase when the calibrated soil property is more variable, datasets with greater
variation have been shown to lead to generally higher R2 scores (Stenberg et al., 2010). In Zornoza et al.
(2008), coefficients of variation for PLFAs were between 0.63 and 0.85, considerably larger than for our
dataset (0.19-0.28). The PLSR calibration results in our study were thus broadly in line with previously
published reports.

VNIR and MIR models also performed better on pre-treated than on field-moist soils, which was not
necessarily expected, given the clear relevance of soil state on the size, composition and activity of soil
microbial communities (Soriano-Disla et al., 2014). Field-moist soils might thus have reasonably been
expected to allow better calibrations for soil microbial properties than the heavily altered, dried and
mechanically ground powder samples. A potentially more representative signal for soil microbial
biomass in field-moist soils, however, might have been offset by variable water contents and particle size
distributions contributing confounding spectral variation to the recorded reflectance data.

Notably, declines in PLSR calibration accuracy for soil microbial properties on field-moist soils were
only moderate for VNIR and combined VNIR/MIR estimates compared to the pre-treated samples, unlike
for OC. For the MIR instrument by itself, however, calibrations were substantially worse and less
accurate than in the VNIR, in contrast to the results for all considered soil physicochemical properties.
The origin of this discrepancy is unclear, as the MIR region generally contains more relevant spectral
information related to soil mineralogical structure and organic matter quality (Stenberg et al., 2010;
Parikh et al., 2014). More robust measurements with the VNIR instrument on field-moist soils would be
a plausible explanation, although the soil water contents present in the dataset did not degrade MIR
performance for the other soil properties. For soil microbial properties, however, the differences between
the correlation patterns of field-moist and pre-treated soils were markedly less substantial in the VNIR
than in the MIR. Accordingly, the relationship between the spectral signal and the soils” microbial
properties may have been masked more strongly in the MIR as soil microbial properties are more
dynamic in response to soil conditions, in particular soil moisture, which affects the MIR signal in a more

complex manner. In this context, it is encouraging that the combined VNIR/MIR estimates yielded the
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most accurate estimates again, despite the diverging results, highlighting the possible advantages of

employing both VNIR and MIR instruments for field analyses.

The usefulness of VNIR/MIR estimates with a given accuracy is relatively challenging to assess for
microbial quantities, in contrast to soil physicochemical properties. For OC, IC and soil texture, for
example, absolute RMSE values on the order of ~1-2 g/kg and a few percentage points, respectively, can
be considered accurate enough to act as a substitute for routine laboratory analyses in soil surveying
(Seybold et al., 2019).

For PLFAG&ac, PLFArun and F:B, we therefore exemplarily tested if and how replacing routine laboratory-
analytical data with VNIR/MIR estimates would change the conclusions drawn from statistical LME
analyses for the Jena Experiment's plant treatments. Interestingly, we found that even moderately
accurate VNIR/MIR estimates (R2~0.6-0.7) could be sufficient to detect local treatment-level
differences, as was the case for the effects of plant species richness and functional diversity on PLFAgac,
PLFA:un and OC. A similar finding was recently reported by Ball et al. (2020) for the effects of cover
crop treatments on OC and N in particle size fractions. Accordingly, even PLSR models that would
typically be considered inaccurate by soil spectroscopy standards may be sufficient to detect the impact
of above-ground plant communities on soil microbial communities. At lower accuracies, detecting such
effects is unlikely, however, as our LME analysis for the F:B ratio showed (R2 = 0.43). For the F:B ratio,
VNIR/MIR estimates yielded the same model structure, but model coefficients were incomparable with
the LME results for the PLFA-derived F:B ratios.

4.4 Predictive mechanisms of soil microbial properties and their implications for VNIR and MIR

analysis

The scope of predictive models in soil spectroscopy strongly depends on the mechanisms underlying the
PLSR calibrations. For the Jena Experiment site, we found spectral correlation patterns between PLFA-
derived quantities and physicochemical soil data (OC, N, IC, clay and sand contents) that matched the
correlation structure between soil physicochemical and microbial properties, indicating that spectrally
active soil constituents mediated successful VNIR/MIR estimations of soil microbial properties. This
was further corroborated through the estimation of PLFA quantities with MLRs using physicochemical
covariates, which achieved similar predictive accuracy to the VNIR/MIR models. These findings further

underpin prevailing theories on successful VNIR/MIR calibrations of soil biological and
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microbial properties (Cohen et al., 2005; Chodak et al., 2007; Rinnan and Rinnan, 2007; Zornoza et al.,
2008; Rasche et al., 2013; Ludwig et al., 2015).

Earlier studies hypothesized that spectroscopic calibrations of soil biological and microbial properties
are mediated by the capacity of VNIR and MIR spectroscopy to measure the quantity and quality of soil
organic matter (Cohen et al., 2005; Chodak et al., 2007; Rinnan and Rinnan, 2007). Zornoza et al. (2008)
, for example, reported that NIR calibrations of PLFA-based biomasses were only moderately more
accurate than simple linear regressions with OC over a broad range of soil types in the Mediterranean.
More recently, Ludwig et al. (2015, 2016) showed that linear regressions with spectrally active soil
physicochemical properties were as predictive of microbial biomass C, N and the fungal biomarker

ergosterol as MIR spectral data.

In contrast, we found that VNIR/MIR models consistently accounted for more variation in all PLFA-
derived soil microbial properties, indicating that VNIR/MIR spectral data allow a more detailed
characterization of the physicochemical soil environment relevant to soil microbial community
composition than standard bulk soil properties. It was not clear, however, if VNIR/MIR models were
more accurate due to their capability to assess substrate quality, i.e., distinguish labile and stabilized
organic matter (Knox et al., 2015; Jaconi et al., 2019; Ricketts et al., 2020), or because the spectra merely
contained more detailed information about the abiotic factors shaping the soil habitat, e.g. iron oxides,

silicates, clay minerals (Stenberg et al., 2010; Parikh et al., 2014).

While individual PLFA quantities could be estimated fairly well, estimation accuracies for ratio
parameters that capture the general composition of soil microbial communities (F:B, G+:G-) were
markedly less accurate for both VNIR/MIR and MLR maodels; likely in part due to VNIR/MIR models
relying on mutually shared correlations for estimations of individual PLFA quantities, as shown by the
strong similarities in correlation profiles. The calculation of ratios removes these common associations,
e.g., the scaling of all biomasses with OC. At the same time, F:B and G+:G- also depicted considerably
less variation than the individual PLFA quantities, as the F:B ratio was dominated by bacterial biomass,
which, in turn, was mostly made up of G+ bacteria. Accordingly, the capacity of VNIR/MIR data to
capture variation in soil microbial communities may improve over larger environmental gradients, where
strong links of soil biota to the prevailing abiotic soil environment exist. Yang et al. (2019), for example,
recently found that VNIR data could contribute substantially to the mapping of regional-scale bacterial

abundance and diversity across Australia.
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VNIR/MIR models primarily leveraging associations between soil microbial properties and spectrally
active physicochemical soil constituents is of crucial importance, in particular for the potential on-site
analysis of soils in field condition. In this regard, our findings suggest that soil spectroscopy can provide
an efficient tool to fill in-sample data gaps or improve the spatial mapping of microbial communities (
Rasche et al., 2013) when robust correlations between soil microbial properties and physicochemical soil

data are present.

Out-of-sample predictions (calibration transfer), on the other hand, e.g., for different soil samples or time
periods, cannot be expected to be accurate without further re-calibration as the underlying correlation
structure between highly dynamic soil microbial communities and the relatively static physicochemical
soil environment could easily change and render VNIR/MIR estimates unreliable. The issue of
calibration transfer is further exacerbated on field-moist soils due to the moisture-dependent shifts in
correlation patterns we have shown here, and which have also recently been demonstrated in rewetting
experiments (Silvero et al., 2020). Application of VNIR/MIR models on soils in field condition would
thus be further restricted to data collected under the same environmental conditions to ensure that the

calibration adequately covers all relevant combinations of soil properties and moisture levels.

More extensive re-calibration data requirements for VNIR/MIR models arguably diminish the capacity
of soil spectroscopy to acquire quantitative soil data efficiently. For pre-treated samples and
physicochemical standard soil parameters, VNIR and MIR soil spectroscopy have increasingly focused
on the integration of existing soil spectral libraries into local calibrations to keep additional calibration
data requirements to a minimum (e.g., Wetterlind and Stenberg, 2010; Nocita et al., 2014; Terra et al.,
2015; Seidel et al., 2019; Seybold et al., 2019). The development or expansion of soil spectral libraries
with soil microbial properties and VNIR and MIR measurements at representative moisture levels could
thus represent a significant step in the operational use of VNIR and MIR analyses on soils in field

condition.

5 Conclusion

Here we presented the first comprehensive analysis of soil physicochemical and microbial properties
with portable VNIR and MIR instruments in the framework of a long-term grassland biodiversity
experiment. Our findings highlight the capabilities of soil spectroscopy to analyze physicochemical soil
composition and associated soil microbial properties, including potential for on-site applications under

field conditions and emphasize the synergistic use of current portable VNIR and MIR spectrometers. We
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suggest that soil ecological studies could successfully integrate VNIR and MIR analysis to fill data gaps
in the spatial analysis of soil microbial communities or by characterizing the underlying soil habitat in
its physicochemical composition, which would also be possible without explicit calibrations to analytical

reference data.

Several critical issues regarding the field application of soil spectroscopic analysis remain to be addressed
by future studies. While we could detect some effects of plant community diversity and composition on
soil microbial biomasses with VNIR/MIR analysis, the detection of treatment effects is complicated by
the additional uncertainty in the VNIR/MIR estimates, which increases the detection threshold for
treatment differences and thus makes detecting treatment effects that are small relative to the achievable
calibration accuracy more difficult. The dynamic nature of soil microbial communities, e.g., short-term
responses to variations in temperature or moisture, would also restrict the application of calibrated
VNIR/MIR models that depend on sample-specific correlations with soil physicochemical properties.
Establishing soil spectral libraries with field data and spectra collected at representative moisture levels
will probably be necessary to keep requirements for new reference data to a minimum and facilitate

operational use of VNIR and MIR spectroscopy in the field.
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Table 1. Summary statistics of soil physicochemical and PLFA-derived microbial properties® for the Jena Experiment site
(n = 80).

n =80 min Q1 median Qs max mean SD
OC (g/kg) 12,93 18.12 20.13 2320 3236 2050  3.49
N (g/kg) 1.47 1.99 2.27 257 2.98 2.28 0.36
IC (g/kg) 5.48 7.96 12.45 19.65 39.90 16.57 10.78
pH 6.98 7.39 7.46 7.56 7.81 7.47 0.15
C:N 6.22 8.54 8.92 9.60 11.32 9.02 0.81
Sand (%) 3.10 8.10 14.95 33.75 4750 20.36  13.58
Clay (%) 13.9 18.76 21.42 23.88 26.69 20.95 3.36
H20 (%) 13,50 15.34 16.23 18.01 20.18 16.56 1.65
PLFATOT (ng/g) 1405 21.10 24.65 2785 3738 2432 471
PLFAwmIc (ng/g) 6.69 9.95 11.43 13.11 17.02 11.45 226
PLFABAc (ng/g) 5.81 8.38 9.61 10.86 14.68 9.61 1.84
PLFAFuN (hg/2) 0.85 1.44 1.83 2.19 3.14 1.84 0.51
PLFAG+ (ng/g) 2.80 4.25 4.98 5.72 7.73 4.99 1.02
PLFAG- (ng/g) 0.35 0.63 0.76 0.90 1.36 0.77 0.21
F:B 0.13 0.16 0.19 0.21 0.31 0.19 0.035
MIC:OC (%o) 0.38 0.51 0.56 0.62 0.76 0.56 0.081
G+:G— 5.09 5.99 6.44 7.20 9.91 6.64 0.94

a F:B = ratio of fungal to bacterial PLFAs; MIC:OC = ratio of microbial PLFAbiomass to organic carbon; G+:G— =
ratio of gram-positive to gram-negative bacterial PLFAs.

Table 2. Validation results of VNIR and MIR PLSR calibrations of soil physicochemical properties for pre-treated and
field-moist soil samples from the Jena Experiment site. Reported statistics are averages of 100 randomized calibration-
validation runs. In each run, 40 soil samples were used for model calibration; validation statistics were calculated on the
remaining 40 independent samples. RMSE column includes one standard deviation of the RMSE distribution in parentheses.
VNIR/ MIR column gives validation statistics for the precision-weighted average of VNIR and MIR predictions.

RMSE R2  ME RPD RPIQ RMSE R2  ME RPD  RPIQ RMSE R2  ME RPD  RPIQ
VNIR MIR VNIRIMIR
dried/ground OC (g/kg) 1.483 (0.201) 082 -0.04 233 328 1.149(0.235) 088 007 291 401 1.033(0231) 090 007 324 464
IC (g/kg) 1592 (0.161) 098 012  6.77 7.73  0.854 (0.092) 099 001 1251 136 0758(0.083) 099 001 1415 16.31
N (gkg) 0183 (0.022) 073 —0.01 1.92 296 0.143(0.013) 084 0.00 250 384 0143 (0.015) 084 —0.01 246  3.79
Sand (%)  4.48 (0.46) 089 —0.03 301 525 4.41(0.44) 089 -001 306 530 4.09 (0.38) 091 -0.05 332 590
Clay (%)  1.91(0.22) 067 002 177 257 1.87(0.19) 069 -004 180 261 1.79(0.19) 072 002 186 273
field-moist OC (gkg) 2244 (0.260) 057 —0.01 1.53 209 1847(0.246) 072 -0.03 183 256 1.777(0.270) 073 002 191 266
IC (g/kg)  1.906 (0.259) 097 003 555 648 1.263(0.131) 099 -003 857 971 1.152(0.150) 099 -0.02 938  10.93
N (gkg) 0176 (0.021) 075 —0.01 202 3.08 0.159 (0.020) 080 000 222 339 0135(0014) 085 000 258  3.99
Sand (%)  4.67 (0.53) 088 -023 290 5.18 4.33(0.41) 090 002 316 548 3.93(0.38) 092 -018 347 6.01
Clay (%)  1.88 (0.18) 068 000 1.78 258 1.83(0.18) 070 -005 1.84 268 1.68(0.16) 076 -003 206 297

Table 3. Validation results for VNIR and MIR PLSR calibrations of PLFA-derived soil microbial properties (ug/g) on pre-
treated and field-moist soil samples from the Jena Experiment site. Reported statistics are averages of 100 randomized
calibration-validation runs. In each run, 40 soil samples were used for model calibration; validation statistics were
calculated on the remaining 40 independent samples. RMSE column includes one standard deviation of the RMSE distribution
in parentheses. VNIR/MIR column gives validation statistics for the precision-weighted average of VNIR and MIR
predictions.
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RMSE R2 ME RPD  RPIQ RMSE R2 ME RPD RPIQ RMSE R2 ME RPD  RPIQ
VNIR MIR VNIR/MIR
dried/ground PLFATor  3.073 (0.312) 0.56  0.00 1.51 210 2.763 (0.282) 065 -0.12 1.70 232 2.669 (0.273) 0.68  —0.09 1.77 240
PLFAwic ~ 1.368(0.126) 062 —0.03 1.62 217 1.244(0.121) 069 —0.02 179 241 1.189 (0.108) 072  —0.02 190 255
PLFAgac  1.148(0.106) 059 —-0.02 157 203 1.072(0.103) 066 —0.01 1.70 2.17  1.020 (0.089) 0.68 —0.01 1.78 227
PLFAG+  0.653 (0.058) 0.57 -0.01 155 210 0.625 (0.060) 0.62 0.01 1.61 215 0.582 (0.052) 0.66  0.00 1.73 232
PLFAG 0.128 (0.016) 0.61  0.00 1.63 2.08 0.116 (0.012) 0.68 —0.01 1.76 229 0.110 (0.011) 0.71  0.00 1.87 251
PLFArun  0.325 (0.033) 059 —-0.01 157 223 0.292 (0.032) 066 —0.02 1.75 248 0.277 (0.029) 0.70  —0.02 1.83 260
field-moist PLFAtor  3.031(0.298) 057 -0.05 1.53 2.07 3.238 (0.257) 052 -0.13 144 1.96 2.802 (0.228) 0.64 —0.10 166 2.29
PLFAmc  1.362(0.141) 062 —-0.03 1.61 220 1.539 (0.158) 052 -0.1 144 195 1.256(0.126) 0.68 —0.04 1.77 237
PLFAgac  1.186 (0.116) 0.57  0.00 1.52 1.96 1.301 (0.140) 048 006 1.39 1.80 1.100 (0.113) 0.63 —0.02 1.65 212
PLFAG+  0.705 (0.066) 052 —0.01 1.43 1.89 0.707 (0.074) 050 —-0.01 140 1.9 0.637 (0.060) 0.61 —0.01 159 217
PLFAG 0.119 (0.013) 0.66  0.00 171 218 0.148 (0.016) 047 -0.01 1.37 1.81 0.117(0.014) 0.67 —0.01 1.75 227
PLFArun  0.311 (0.032) 062 —0.02 162 229 0.328 (0.027) 059 —0.02 157 221 0.290 (0.025) 0.67 —0.02 1.75 246

Table 4a. Summary of linear mixed effects model analysis of plant treatment effects on OC, PLFAgac, PLFAFun and
F:B using laboratory-analytical data. Generalmodel structure: Y ~ SP + FG + SP x FG + (1|BLOCK)Aa,

ocC PLFAgAc PLFAFUN F:B

Random effects SD SD SD SD

BLOCK 1.94 0.87 0.32 0.025

Residual 247 111 0.27 0.021

Fixed effects Coefficient 95%-Cl Coefficient 95%-Cl Coefficient 95%-Cl Coefficient 95%-Cl

Intercept 17.92  (15.17, 20.64) 770 (6.46,8.92) 140  (0.97,1.83) 0.181 (0.148, 0.214)
SP2 1.68 (-0.12, 3.48) 112 (0.31,1.93) 0.19  (-0.01,0.38) 0.002  (-0.014, 0.019)
SP4 3.03 (1.23, 4.83) 234 (153,3.15) 058  (0.38,0.77) 0.028 (0.010, 0.046)
SP8 2.24 (0.43, 4.03) 202 (1.21,2.83) 0.61  (0.42,0.81) 0.037 (0.020, 0.055)
SP 16 5.05 (3.19, 6.91) 326  (2.42,4.10) 0.68 (0.47,0.88) 0.023 (0.004, 0.042)
FG2 - - - - - - -0.007 (-0.020, 0.007)
FG3 - - - - - - -0.021  (-0.038, -0.004)
FG 4 - - - - - - -0.022  (-0.039, -0.006)

a8 SP = number of sown plant species; FG = number of plant functional groups; BLOCK = experimental treatment
block. Intercept term corresponds to monocultures (SP and FG = 1). Dashes (-) indicate non-significant effects of the
FG term; the SP x FG terms were not significant in any model and were excluded from the table.

Table 4b. Summary of linear mixed effects model analysis of plant treatment effects onOC, PLFAgac, PLFAruN and
F:B using VNIR/MIR estimates from field-moist soils. General model structure: Y ~ SP + FG + SP x FG +

(1/BLOCK)2.
oC PLFABac PLFAFUN F:B

Random effects SD SD SD SD

BLOCK 1.79 0.76 0.32 0.025

Residual 1.91 0.85 0.20 0.008

Fixed effects Coefficient 95%-CI Coefficient 95%-Cl Coefficient 95%-Cl Coefficient 95%-Cl

Intercept 18.38  (15.92,20.83) 8.47 (7.42,9.52) 157 (1.16, 1.99) 0.185 (0.153, 0.217)
SP2 1.20 (-0.19, 2.59) 043  (-0.19, 1.05) 013  (-0.02,0.27) 0.003 (-0.003, 0.009)
SP4 251 (1.12, 3.89) 1.40 (0.78, 2.02) 0.32 (0.18, 0.47) 0.001 (-0.005, 0.008)
SP8 2.16 (0.77, 3.55) 1.38 (0.76, 2.00) 0.31 (0.16, 0.46) 0.000 (-0.006, 0.006)
SP 16 4.09 (2.66, 5.52) 2.25 (1.61, 2.89) 0.56 (0.41,0.71) 0.008 (0.001, 0.015)
FG 2 - - - - - - 0.005 (0.000, 0.010)
FG3 - - - - - - 0.009 (0.003, 0.015)
FG 4 - - - - - - 0.002 (-0.004, 0.008)

a SP = number of sown plant species; FG = number of plant functional groups; BLOCK = experimental treatment
block. Intercept term corresponds tomonocultures (SP and FG = 1). Dashes (-) indicate non-significant effects of the FG

term; the SP x FG terms were not significant in any model and were excluded from the table.
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Table 5. Estimation of PLFA-derived soil microbial properties (ug/g) with linear models of physicochemical bulk soil

properties?. Average statistics of 100 randomized calibration-validation runs (RMSE standard deviations in parentheses).
In each run, 40 soil samples were used for MLR model fitting; validation statistics were calculated on the remaining 40
independent samples.

Soil property (Y) RMSE R? ME RPD RPIQ
PLFAToT 3.37(0.31) 0.50 -0.15 141 1.86
PLFAMIc 1.53 (0.13) 0.55 -0.02 1.48 1.99
PLFAgAc 1.27 (0.11) 0.54 -0.04 1.48 1.90
PLFAFuUN 0.37(0.03)  0.50 0.00 1.42 1.99
PLFAG+ 0.73(0.06) 0.49  -0.02 141 1.88
PLFAG- 0.14 (0.01)  0.55 0.00 1.49 1.93

& Linear model: Y ~OC + N + IC + pH + H,0 + Sand + Clay.

Table 6. Comparison of estimates of soil indicators for soil microbial community structure from VNIR/MIR spectroscopy
and linear regression models of physicochemical bulk soil properties. Average statistics of 100 randomized calibration-
validation runs (RMSE standard deviations in parentheses). In each run, 40 soil samples were used for model fitting;
validation statistics were calculated on the remaining 40 independent samples.

Soil property/model® RMSE R? ME RPD RPIQ
MIC: OC

VNIR/MIR (DG) 0.060 (0.006) 0.43 -0.014 1.33 1.73
VNIR/MIR (FM) 0.071 (0.007) 0.21 -0.000 112 1.47
Linear model 0.072 (0.006)  0.20 0.001 112 1.46
F:B

VNIR/MIR (DG) 0.024 (0.002)  0.52 0.000 1.44 2.20
VNIR/MIR (FM) 0.026 (0.002)  0.43 0.001 131 1.97
Linear model 0.027 (0.003)  0.42 0.000 131 1.89
G+:.G-

VNIR/MIR (DG) 0.78 (0.08)  0.33 0.05 122 151
VNIR/MIR (FM) 0.83(0.08) 0.21 0.08 113 1.40
Linear model 0.87 (0.09) 0.16 -0.02 1.09 1.37

a F:B = ratio of fungal to bacterial PLFAs; MIC:OC = ratio of microbial PLFAbiomass to organic carbon (%o); G+:G—
=ratio of gram-positive to gram-negative bacterial PLFAs; DG = dried/ground soil; FM = field-moist soil. Linear model:
Y ~0OC+N+IC+pH +H,0 + Sand + Clay.
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Figures

Sources: Esri, DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA, USGS, AeroGRID, IGN, and the GIS User Community

plant species richness plant functional groups
0 50 100
1,2,4,8,16,60 ("O2@3m4 [] bare ground/succession - T—

Meter
Fig. 1. Location and layout of the Jena Experiment field site. Experimental plots are arranged in four blocks
parallel to the Saale river. Main experimental treatments replicated in each block are indicated, including plant
species richness (number of sown and maintained plant species) and functional diversity (number of sown and
maintained plant functional groups) (adapted from Strecker et al. (2016)).

Fig. 2. Measurement of VNIR and MIR diffuse reflectance spectra on field-moist sample material with a) portable
ASD FieldSpec 4 spectroradiometer with contact probe attachment and b) handheld Agilent 4300 FTIR instrument.
Spectra were acquired with a measurement setup that facilitates potential on-site applications. The petri dish in a)
has a diameter of d = 7 cm; the inset shows an example of the contact probe footprint (~3 cm?). The filled sample
holder in b) is 2 cm in diameter.
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Fig. 3. Correlation matrix (r) of soil physicochemical and PLFA-derived microbial properties for the Jena
Experiment site (n = 80). Non-significant (p > 0.05, pairwise t-test) correlations crossed out. F:B = ratio of fungal
to bacterial PLFAs; MIC:OC = ratio of microbial PLFA biomass to organic carbon; G+:G— = ratio of gram-positive
to gram-negative bacterial PLFAs.
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Fig. 4. VNIR and MIR reflectance spectra for dried/ground (a,b) and field-moist (c,d) soil samples. Solid curves
represent the mean soil spectrum for each dataset; shaded bands represent + two standard deviations from the mean
spectrum. Note change of scale on the y-axis between subplots.
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1181  Fig. 5. Scatterplots of combined VNIR/MIR predictions for PLFA-derived soil microbial properties at the Jena
1182  site by soil pretreatment (dried/ground vs. field-moist). Model predictions were pooled over all independent
1183  validation samples across 100 randomized calibration-validation runs and plotted against the corresponding
1184  laboratory-analytical reference measurements.
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1187  Fig. 6. Comparison of lab-analytical measurements and VNIR/MIR model estimates (from field-moist samples)
1188  for OC, PLFAgac, PLFArun and F:B at the main treatment levels: distributions by a) plant species richness and b)
1189  plant functional diversity.
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Fig. 7. Soil property correlation profiles for VNIR and MIR spectra (continuum-removed reflectance) collected
on pre-treated (dried/ground) and field-moist soil samples showing linear correlations between individual spectral
channels and soil physicochemical and microbial properties.

Highlights

e VNIR/MIR allows accurate calibration of soil physicochemical properties.

e PLFA-derived microbial biomasses can be estimated with fair accuracy.

e PLFA estimates mediated by correlations with spectrally active soil constituents.

e Soil state (dry vs. field-moist) strongly impacts spectral correlation patterns.

e Soil spectroscopy could detect plant diversity effects on microbial biomasses



