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ABSTRACT
The index based on the ratio of soil organic carbon to clay concentration (SOC/clay) has been confirmed as an effective tool for 
assessing the organic matter status of mineral soils. The index contains four classes: very good (SOC/clay ≥ 1/8), good (1/10–1/8), 
moderate (1/13–1/10) and degraded (≤ 1/13). Conventional analyses of SOC and clay concentrations are resource intensive, how-
ever. Here, we investigate the use of mid-infrared spectroscopy (MIRS) as an alternative for quantifying SOC/clay ratios and 
the index. We use data from the National Soil Inventory of England and Wales (n = 1301). We obtained RMSE values of 3.6 and 
57 g kg−1 for estimations of SOC and clay concentrations by MIRS, respectively. We found that a simplified three-class index was 
satisfactory for predictions using MIRS. The accuracy of clay concentration estimations was a limiting factor, particularly for the 
combined middle class (approx. 60%–70% success). Over 80% of the samples in the other two classes were correctly predicted. The 
probability that a sample was in the estimated index class can be used to filter out estimates likely to be misclassified. The filter-
ing removed at least twice the number of misclassified samples as the number of correctly classified that had below-threshold 
probability. We found that uncertainty estimates are more informative if calculated from the component estimates of SOC and 
clay rather than the SOC/clay ratio. An important source of uncertainty is the mismatch between MIRS estimates of clay con-
centration based on clay mineralogy and conventional estimates based on particle size fraction. The additional information on 
clay mineralogy given by MIRS means it provides a better characterisation of SOC–clay interactions affecting soil functioning.

1   |   Introduction

Monitoring and assessment of soils is important for managing 
land and for achieving environmental goals. In previous work 
we have shown the value of an index of soil organic matter status 
based on the ratio of soil organic carbon concentration to clay 
concentration (SOC/clay) for soils across England and Wales 
(Prout et al. 2021, 2022). The SOC/clay index is a simple indi-
cator and has three thresholds defining four classes (Table 1). 
The Soil Monitoring and Resilience Directive (COM 2025/2360) 

lists the SOC/clay ratio as an indicator of soil organic matter 
status. Consequently, recent literature discusses the applicabil-
ity of the SOC/clay index as an indicator of soil status across a 
wider geographic range and varying soil types, stating that it is 
not generalisable across Europe (Poeplau and Don 2023; Rabot 
et al. 2024; Sauzet et al. 2024).

Despite its simplicity, the costs and speed of measuring SOC 
and clay concentrations using conventional “wet lab” methods 
may be prohibitive for large-scale applications. In this paper we 
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explore the use of dry spectral methods for estimating SOC and 
clay concentrations on the basis that SOC and clay have distinct 
absorption features in the infrared-region (McCarty et al. 2002; 
Reeves 2010; Hermansen et al. 2016). Dry spectral methods, such 
as mid-infrared spectroscopy (MIRS), have the advantages that 
they require less sample preparation and labour than conventional 
methods, have high-throughput capabilities and can simultane-
ously determine several other soil properties (Nocita et al. 2015).

The use of MIRS to measure SOC concentration is well estab-
lished and its accuracy has been shown to depend on the wet lab 
method (Viscarra Rossel et al. 2006, and references therein). The 
effectiveness of the SOC/clay index rests on how well clay con-
centration—to date, measured by particle size analysis—gauges 
SOC protection by its interaction with clay and the beneficial 
effects of SOC–clay interactions on soil structure. In fact these 
depend not only on clay concentration but also on its mineral-
ogy and effective surface area. Further, particle size analysis, 
whether by the hydrometer method or laser diffraction, relies 
on the assumption that clay particles have spherical geometry 
and that the clay fraction is completely dispersed from organic 
matter (Thomas et al. 2021). MIRS gives a more specific mea-
sure of clay concentration through information on clay miner-
alogy (Madejová 2003; Tinti et al. 2015; Huang et al. 2025). We 
note this richer information could be exploited in improving the 
SOC/clay ratio index as a measure of soil organic matter status. 
However, the present study is focused on MIRS as a proxy for 
clay concentration measured by wet lab analysis. A challenge 
in using MIRS for wet-lab clay concentration arises from the 
basic mismatch between what is detected by MIRS and wet lab 
methods, and this introduces uncertainty. In principle, it would 
be possible to allow for mineralogy in the MIRS calibrations for 
wet-lab clay concentration given the necessary independent data 
on mineralogy. However, mineralogy is generally not measured 

in soil surveys and is not included in the National Soil Inventory 
of England and Wales (NSI) we used in this study. Despite these 
limitations, strong correlations between estimates of clay con-
centration by MIRS and by particle size analysis are reported 
(Terra et al. 2015; Dangal et al. 2019; Sanderman et al. 2020).

The accuracy and precision of MIRS for our purposes depend on 
creating a calibration model from MIR spectra against results of 
conventional analyses. Calibration can be done at a site-specific 
scale. But to save time and effort, spectral libraries developed for a 
range of soils can be used instead of or as supplements to local cal-
ibration data. Such spectral libraries have been developed globally 
for a range of soil properties, mostly using visible–near infrared 
spectroscopy (vis–NIRS) (Brown et al. 2006; Stevens et al. 2013; 
Viscarra Rossel et al. 2016) but also MIRS (Clairotte et al. 2016; 
Dangal et al. 2019; Grinand et al. 2012; Sanderman et al. 2020).

We emphasise the importance of quantifying uncertainties. If 
uncertainties are excessive it is necessary to supplement data-
sets with additional measurements from conventional lab analy-
ses (Dangal et al. 2019). We use partial least squares regression 
(PLSR) and random forest (RF) models to estimate the values and 
uncertainties in SOC and clay concentrations and the SOC/clay 
ratio. Both methods can be used to estimate SOC and clay concen-
trations separately and hence SOC/clay index class. But RF can 
also be used to estimate the categorical index class directly.

The objectives of the work reported here were to test (1) if estima-
tions of SOC/clay from MIRS calibrations are sufficiently accu-
rate to classify soils using the index thresholds and (2) whether 
the associated uncertainty of the index classifications was in-
formative for deciding which samples should be re-analysed by 
conventional laboratory methods.

2   |   Materials and Methods

2.1   |   Soil Samples and Data

2.1.1   |   National Soil Inventory of England and Wales 
Soil Spectral Library

The National Soil Inventory (NSI) was first sampled from 1978 to 
1983 on a 5-km grid across England and Wales (Hallett et al. 2017; 
McGrath and Loveland 1992). The litter layer was removed and 
soils were then sampled to 15 cm depth. Clay concentration 
(mineral particles < 2 μm) was measured using the sieve–pipette 

Highlights

•	 We assess MIRS methodologies to estimate the SOC/
clay index and its respective classes.

•	 MIRS would have time/cost benefits over conven-
tional analyses for assessing SOC/clay index.

•	 We recommend a modified three-class SOC index for 
improved estimation by MIRS.

•	 Probability that an estimate belongs to an index class 
can suggest targeted conventional analyses.

TABLE 1    |    The SOC/clay index of soil organic matter status (after Prout et al. 2021).

Index class

x = SOC/clay ratio

DescriptionFraction Decimal

Very Good x ≥ 1/8 x ≥ 0.125 Good structure likely. Exceeding the likely capacity for 
SOC–mineral interaction; a proportion is particulate SOC

Good 1/10 ≤ x < 1/8 0.1 ≤ x < 0.125 Low risk of poor structure. Achieving the likely 
capacity for SOC–mineral interaction

Moderate 1/13 ≤ x < 1/10 0.0769 ≤ x < 0.1 Moderate risk of poor structure. Potential for SOC storage

Degraded x < 1/13 x < 0.0769 High risk of poor structure. Higher potential for SOC storage
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method on < 2 mm (peroxide-treated) soil samples (Avery and 
Bascomb 1974). This method for particle size analysis does not 
consider the mineralogy of the particles in the size classes. SOC 
was originally measured using a modified Walkley–Black method 
(Kalembasa and Jenkinson 1973), but for consistency with mod-
ern laboratory methods we re-analysed the SOC of a subset of ar-
chived ground NSI soil samples, held at Rothamsted Research, by 
the Dumas method (LECO CN628 Combustion Analyser, LECO 
Corporation, St Joseph, Michigan, USA). For samples with pH 
> 7, SOC was obtained by subtracting inorganic C (determined by 
Primacs, Skalar Analytical BV, Breda, Netherlands) from Dumas 
total C. The selection steps were as follows:

From soils with SOC ≤ 200 g kg−1 (by Walkley–Black) 1500 sam-
ples were identified using a Kennard–Stone algorithm on spectra 
that had the intended pre-processing applied (see Spectroscopy). 
For some samples selected for re-analysis there was insufficient 
soil in the archive. Hence, the algorithm was run to identify 
1800 samples (including the original 1500), providing a more 
directed way to select supplementary samples (preferentially 
by previously measured SOC, pH and major soil group). For the 
analyses presented here samples with SOC > 120 g kg−1 or with-
out soil texture values or both were excluded, resulting in 1301 
samples. Therefore, we have clay concentration from the NSI 
data (held by Cranfield University; Hallett et al. 2017) and SOC 
concentration from our new analyses (linked by unique identifi-
ers). These are referred to from now as the “conventional” data 
set (including SOCCon, clayCon and (SOC/clay)Con). Table 2 gives 
SOC, clay, SOC/clay summary statistics for this set.

2.2   |   Spectroscopy

2.2.1   |   Sample Preparation and Spectral Data Collection

Soil samples, ground to < 100 μm for wet chemistry analy-
sis (McGrath and Loveland  1992), were obtained from the 
Rothamsted Research Sample Archive. Prior to plate-filling, 
sample bottles with lids removed were placed in an oven at 40°C 
for 8 h. Samples were placed in duplicates in 96-well plates. The 
first six wells of each plate as gold-reference cap, blank and two 
internal reference soils in duplicate. A Bruker Tensor II spec-
trometer (Bruker Scientific, Berlin, Germany) with an HTS-XT 
high-throughput accessory was used to acquire the spectra. The 
Bruker Tensor II has a humidity sensor to minimise the effect 
of water vapour on measurements; we kept the humidity to 10% 

as per the instrument guidelines. Diffuse Reflectance Infrared 
Fourier Transform (DRIFT) spectra were collected at 1.43 cm−1 
with a scan time of 32 s per sample. We note that DRIFT spectra 
were collected on undiluted samples (i.e., without the addition of 
Kbr), and thus our results should be interpreted in context of the 
spectral distortion due to band inversions for frequencies below 
about 1150 cm−1 (Nguyen et al. 1991). Technical replicates were 
averaged, and the spectra were resampled over 4000–600 cm−1 
at 2 cm−1 resolution by using the prospectr package in R (Stevens 
and Ramirez-Lopez 2022).

2.2.2   |   Pre-Processing of Soil Data and Spectral Data

The SOC, clay, SOC/clay data were Box–Cox-transformed to bet-
ter approximate a normal distribution. Lambda values for SOC, 
clay and SOC/clay were 0.1583, 0.5832 and −0.3284 respectively. 
Regions showing atmospheric CO2 features (2389–2268 cm−1; 
Dangal et al. 2019) were removed as a precautionary measure. A 
first derivative Savitzky–Golay filter (window size = 21, polyno-
mial = 3) was applied to the spectra. Two per cent of the samples 
(and corresponding spectra) were removed based on the residu-
als of 10-fold cross-validation to estimate SOC and clay (1% with 
the highest absolute residuals for each property). This attempted 
to account for potential error in data acquisition, in line with 
Sanderman et al. (2020).

2.2.3   |   Calibration Regression

We used partial least squares regression (PLSR) and random 
forests (RF) to build spectral calibrations. A Kennard–Stone al-
gorithm was applied to the spectral data to split the data into 
calibration (75%) and validation (25%) sets. The minimum num-
ber of principal components that explained 95% of the variance 
in the spectra was selected for Kennard–Stone splitting. For the 
PLSR, the number of components each model was run with was 
selected using the one-sigma approach (Hastie et al. 2013), and 
we considered a maximum of 15 components. This resulted 
in models with 14 components for SOC, six for clay and seven 
for SOC/clay. For the RF regression, we included the same 
principal components that were used for the Kennard–Stone 
sampling (n = 22) as predictors. Similarly to the PLSR, we pre-
dicted Box–Cox transformed SOC, clay and SOC/clay. We also 
performed a 10-fold cross-validation to select the best set of hy-
perparameters, using a grid search. We considered the following 

TABLE 2    |    Summary of soil properties in the spectral library.

Type n Propertya,b Unit Mean Med. Minimum Maximum 25% quantile 75% quantile

Calibration 956 Clay g kg−1 260.58 246.50 4 879 163 338.25

SOC g kg−1 41.63 35.73 3.23 118.13 22.16 55.46

SOC/Clay — 0.26 0.14 0.02 11.42 0.09 0.26

Validation 319 Clay g kg−1 268.64 253 10 704 188 338

SOC g kg−1 38.55 34.29 8.13 114.66 24.77 47.71

SOC/Clay — 0.19 0.14 0.04 3.28 0.09 0.20
aSummary statistics for all properties were calculated before transforming as described in Spectroscopy—pre-processing of soil data and spectral data.
bSummary statistics for SOC/clay were calculated using individual SOC/clay data not from summary statistics of SOC divided by summary statistics of clay.
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hyperparameter ranges: number of trees (150–550), mtry (2–15), 
minimum node size (1–10) and maximum depth (5–40). We se-
lected the hyperparameter values that showed the lowest root 
mean squared error (RMSE) on average across the 10 folds. We 
also tested RF as a classifier by predicting SOC/clay class proba-
bilities. The same methodology as above was applied, except that 
we selected the highest classification accuracy on average across 
the 10 folds. For the SOC and clay RF regressions, the follow-
ing hyperparameters were selected: number of trees (450), mtry 
(15), minimum node size (1) and maximum depth (40). For SOC/
clay these were: number of trees (150), mtry (9), minimum node 
size (1) and maximum depth (20). For the direct 4 class classi-
fications: number of trees (350), mtry (15), minimum node size 
(5) and maximum depth (40), and the direct three class classifi-
cations these were: number of trees (250), mtry (15), minimum 
node size (5) and maximum depth (10).

The estimated SOC, clay and SOC/clay values were back-
transformed prior to statistical comparison with the back-
transformed conventional data. We compared three different 
ways to estimate SOC/clay against the respective conventional 
values: (1) we estimated the decimal fraction from the MIR spec-
tra ((SOC/clay)Est), (2) we calculated the decimal fraction from 
the estimated SOC and clay (SOCEst/clayEst) and (3) we calcu-
lated the decimal fraction using estimated SOC and convention-
ally measured clay (SOCEst/clayCon). The latter method could 
represent a scenario in which soils have been revisited, and the 
clay concentration measured conventionally in the past is not 
expected to have changed. This also allowed us to see the effect 
that uncertainties associated with clay concentration had on the 
estimations of SOC/clay.

2.2.4   |   Evaluation of Model Performance

We assessed the quantitative performance of the models using 
mean estimation metrics based on the root mean squared error 
(RMSE), R-squared (R2), bias, Lin's concordance correlation 
coefficient (CCC) (Lin  1989); and the ratio of performance to 
interquartile distance (RPIQ) (Bellon-Maurel et  al.  2010). We 
assessed the categorical index class (with respect to the thresh-
olds in Table 1) from the proportion of observations falling in 
the corresponding index class range using chi-square tests and 
standardised residuals.

We also quantified the marginal uncertainties associated with 
each estimation. Given that the observations within the cali-
bration set were selected using the Kennard–Stone sampling 
method, our calibration regression is controlled by design 
(Wehrens et  al.  2000). Hence, we used the non-parametric 
bootstrapping by residuals method to estimate the uncer-
tainty of PLSR estimations (Zhang 2014). The details are in the 
Supporting Information. The bootstrap was iterated 1000 times: 
the standardised residuals were sampled with replacement and 
added to the PLSR estimations. A PLSR was performed on this 
new response vector and the coefficients of this model were 
stored. The variance of the coefficients was considered as the 
estimated variance for each observation. For the random forest 
regression, we also performed bootstrapping by residuals and 
considered the variance in predictions as the estimated variance 
for each observation.

Estimations of SOC and clay based on MIR spectra each have 
associated estimation error variances. In computing the SOCEst/
clayEst and SOCEst/clayCon indices, we propagated these errors 
into an estimation variance for the index as follows for each ob-
servation j = 1, … ,n:

The total error variances for each observation in the validation 
set were then computed by adding the bias variance:

Lastly, we assessed the value of the bootstrapped estimation 
error variances from each method in the context of the SOC/clay 
index classes. That is, we computed the probability that an esti-
mation belongs to its SOC/clay index class based on the cumula-
tive distribution functions belonging to the estimated mean and 
variance:

where th1 takes the minimum SOC/clay threshold value and 
th2 the upper SOC/clay threshold for a SOC/clay index class (as 
per Table 1). For example, in the case of the Degraded SOC/clay 
index class, th1 = 0 and th2 = 1∕13. Results for the estimated 
class of samples can then be assessed against how certain we 
want to be about a sample, its specific probability threshold. 
Filtering based on the uncertainty of an estimate allows the an-
alyst to decide whether IR spectroscopy provides a satisfactory 
result. In applied settings, the estimate uncertainty is the only 
measure from which to determine whether it is necessary that 
the sample should be reanalysed by conventional laboratory 
methods (Dangal et al. 2019). We considered probability thresh-
olds ranging from 0.6 to 0.99 probability (where 1 equals 100%) 
and evaluated the effect of filtering based on this threshold. That 
is, observations in the validation set were removed when they 
were uncertain (i.e., below the set probability threshold). We 
computed the total matches and mismatches in the validation 
set based on the conventionally determined index class. We then 
evaluated what percentage of the matches and mismatches was 
filtered by applying the set probability threshold. Lastly, we eval-
uated the ratio of mismatches/matches in the filtered data. This 
ratio indicates how informative estimation uncertainties are in 
filtering out index estimates that do not match the conventional 
index class.

2.2.5   |   Software

For data handling and visualisations, we used the tidyverse 
(Wickham et  al.  2019) and ggplot2 (Wickham  2016) packages 
in R. For the analyses we used the following R packages: pls 
(Liland et al. 2022), stats (R Core Team 2021), epiR (Stevenson 
et al. 2023), resemble (Ramirez-Lopez et al. 2022) and prospectr 
(Stevens and Ramirez-Lopez  2022), and ranger (Wright and 
Ziegler 2017).
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3   |   Results

3.1   |   SOC and Clay Estimation

SOC was estimated well by PLSR (RMSE = 3.6 g kg−1 and 
CCC = 0.98) (Figure 1b) and less so by RF (RMSE = 6.8 g kg−1 and 
CCC = 0.93) (Figure  1d). Clay had larger total error variances 
compared to SOC for both PLSR and RF but still had reasonable 
estimation metrics (RMSE = 57 and 60 g kg−1 and CCC = 0.87 
and 0.85 for PLSR and RF, respectively) (Figure 1a,c). The PLSR 
loadings for the SOC and clay models are included in Figure S1.

3.2   |   SOC/Clay Estimation

Mean estimation metrics for the direct estimation of SOC/clay 
value ((SOC/clay)Est) and calculation using separate estimated 
SOC and clay values (SOCEst/clayEst) were almost the same for 
PLSR (Figure 2a,b). For RF, there were slightly better results for 
(SOCEst/clayEst) than for (SOC/clay)Est but the differences were 
small (Figure 2c,d). Considering the index thresholds, the SOC/
clay ranges of the Good and Moderate classes are 0.025 and 
0.023. So, the RMSE values for SOC/clay were approximately 
eight times greater than these ranges. Using estimated SOC with 
the conventionally measured clay value improved estimation 
metrics with PLSR such that the RMSE of SOCEst/clayCon was 

less than the range of Good or Moderate class. With RF, how-
ever, the RMSE remained approximately twice these ranges.

The index class with values furthest from 0 (Very Good) has 
an open-ended range; there is thus a wider margin for esti-
mation error to correctly classify a sample in this class. We 
calculated the performance statistics for soils which had con-
ventionally measured SOC/clay below this upper threshold 
(SOC/clay < 0.125) to assess the effect of removing these sam-
ples (Table 3). The RMSE values using either model and any of 
the methods reduced to less than 0.023 and the CCC values in-
creased (except for SOCEst/clayCon for which CCC was already 
close to or equal to 1).

3.3   |   Index Class Determination

For both PLSR and RF models, the agreement between the es-
timated index class (IndexEst) of an observation and its conven-
tional index class (IndexCon) was highest for the Very Good class, 
followed by Degraded, Moderate and Good classes (Table 4). This 
was the trend for all three SOC/clay determination methods, 
except SOCEst/clayEst with RF. The poorer agreement for Good 
and Moderate classes was likely due to their smaller ranges. A 
combined Good–Moderate class was created which gave agree-
ment results more in line with the Very Good and Degraded 

FIGURE 1    |    Estimations of clay (a) and SOC (b) using partial least squares regression (PLSR) on a validation holdout set (n = 319) and (c) and (d) 
correspond to clay and SOC predictions by random forest (RF). Horizontal lines (−) are the total estimation error variances (Equation 2).
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classes. For (SOC/clay)Est, SOCEst/clayEst and SOCEst/clayCon, 
respectively, the percentage of observations correctly estimated 
for this combined class were: 68%, 70% and 88% with PLSR and 
66%, 66% and 75% with RF, respectively. As expected, using con-
ventionally measured clay concentration gave the highest agree-
ment. RF also allows for a regression directly against the SOC/
clay index classes (RF Index in Table 4). This showed improved 
performance for the highest and lowest class but poor perfor-
mance for Good or Moderate. Regression against the 3-class 
index gave correct estimations of: 90% for the Very Good, 67% 
for the Good–Moderate class and 67% for the Degraded class.

The standardised residuals from chi-squared analyses, showed 
highest positive values (greatest agreement) for the correspond-
ing estimated and conventional classes (Figure  3). There were 

three exceptions to this between the Good and Moderate classes 
(Figure 3c) and the Moderate and Degraded classes (Figure 3b,d). 
The sign and magnitude of the standardised residuals suggested 
that misclassifications were more likely with adjacent classes. The 
highest contrasts were achieved with the SOCEst/clayCon method. 
There looked to be a closer relationship between the Good and 
Moderate classes (e.g., the above noted exception in the SOCEst/
clayEst method) than other class combinations and combining 
them into a single class (Good–Moderate) gave a clearer separation 
(Figure S2). Similar trends resulted from the direct estimation of 
categorical index class by RF (Figure S3). Based on these findings, 
and the improved estimation percentages, we used the combined 
Good–Moderate class for our subsequent analyses. Additionally, 
based on the mean prediction metrics and chi-squared analysis, it 
was clear that RF underperformed compared to PLSR. For a more 

FIGURE 2    |    Estimations of partial least squares regression (top-row) and random forest (bottom-row) on a validation holdout set (n = 319). 
Columns correspond to estimation methods: (SOC/clay)Est (a and d), SOCEst/clayEst (b and e) and SOCEst/clayCon (c and f). Horizontal bars (−) are the 
total estimation error variances (Equation 2).

TABLE 3    |    Mean estimation metrics for SOC/clay by partial least squares regression (PLSR) and random forest (RF) regression. Metrics are for a 
subset of the validation set where (SOC/clay)Con < 0.125 (n = 144).

Model Estimation method RMSE CCC R2 Bias RPIQ

PLSR (SOC/clay)Est 0.018 0.76 0.34 0.01 2.1

SOCEst/clayEst 0.019 0.76 0.29 0.01 2.0

SOCEst/clayCon 0.007 0.95 0.90 0.00 5.4

RF (SOC/clay)Est 0.020 0.71 0.17 0.01 1.9

SOCEst/clayEst 0.021 0.70 0.10 0.01 1.8

SOCEst/clayCon 0.014 0.82 0.57 0.00 2.6
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concise presentation of the results, we have decided to present 
only the PLSR results for subsequent analyses.

3.4   |   Index Class Probability Based on 
the Associated Error Variance

Figure  4 shows the probability of the estimated index classes 
given the marginal uncertainties associated with estimates 
(Equation  3). Ideally, the estimated index class (x-axis) would 
show high probability (maximum value of 1, y-axis) for observa-
tions from the corresponding conventional index class (indicated 
by colour). Inversely, the probability should be low for boxplots 
that do not match the x-axis. In some cases, there are only two 
boxplots as there were no misclassifications in the missing com-
bination (e.g., samples in the Degraded index class estimated to 
be Very Good in Figure 1a). Overall, with a few exceptions, we 
see that the distribution of probabilities is most narrow and clos-
est to 1 when there is agreement between conventional (boxplot 
colour) and estimated classes (x-axis label).

The general trend is that while moving down the graphs from (a) 
to (c), i.e. (SOC/clay)Est to SOCEst/clayEst, to SOCEst/clayCon, the 
class estimates improve (larger counts for boxplots that match 
the x-axis and/or reduced counts where they do not match). 
Overall, probabilities for incorrect estimates had a median close 
to 1. However, in some cases the lower quartile of the boxplot 
extended to lower probability values for incorrect classes, for 
example the boxplots which were incorrectly estimated to be 
Good-Moderate with SOCEst/clayEst (Figure 4b). Even within the 
SOCEst/clayCon estimation method, we observed high probabili-
ties for incorrect estimations (Figure 4c).

3.5   |   Index Class Estimation Confidence Based on 
Probability

We used probability thresholds to filter estimations based on 
the confidence in the estimated index class. The overall logic 

of the procedure is as follows: (1) We estimate the index class 
of each sample in the validation set using PLSR. (2) Then, we 
use the associated error variance to quantify how certain we 
are of these estimated classes (expressed as probability). (3) 
Finally, we use the probability to determine which estimates 
are reliable and which need to be analysed by conventional 
methods. As a result, the validation set size decreases since 
a selection of these estimates is considered too uncertain 
(Figure 5, black lines). The minimum retention was just below 
80% of the original validation set, considering a probability 
threshold of 0.99 and the (SOC/clay)Est method, though spe-
cific index classes had different retentions (Table 5). The fil-
tering step based on uncertainty improved the percentage of 
matches in the validation set. The Good–Moderate class had 
lesser retention of samples, but this might be expected due to a 
narrower threshold range and two directions in which a sam-
ple could be misclassified.

From the proportion of estimates filtered by the number of 
matches (and mismatches) in the validation set as a whole, 
(SOC/clay)Est and SOCEst/clayEst filtered 40% of mismatches 
(dashed blue line, Figure 5a,b). Estimations were also consid-
ered uncertain even though they matched the conventional 
index class (Figure 4) and were removed by filtering, of which 
the maximum was 17% (Figure 5b). For a probability thresh-
old of 0.99, the ratios of filtered samples with respect to index 
class agreement (%mismatch/%match) were: a = 2.5, b = 3.4, 
c = 2.6 where a to c correspond to Figure 5. These ratios sug-
gest that the filtering was informative since at least twice as 
many mismatches were filtered than matches (respective to 
their frequency in the validation set). The filtering perfor-
mance for the SOCEst/clayEst method (b) was better than that 
for the (SOC/clay)Est method (a) and also retained a higher 
percentage of samples (Table 5). A decrease in the percentage 
mismatch/match ratios for the SOCEst/clayCon method showed 
that uncertainties associated with each estimate became less 
informative when the mean estimation metrics improved, al-
though also a lower number of samples was filtered in total 
(Figure 5 and Table 5).

TABLE 4    |    Percentage of validation set observations estimated (IndexEst) to be in the same index class as when using the conventional data 
(IndexCon).

Method IndexCon n

IndexEst = IndexCon (%)

(SOC/clay)Est SOCEst/clayEst SOCEst/clayCon RF Index

PLSR All 319 74 75 90 —

Very Good 175 86 88 98 —

Good 53 45 36 68 —

Moderate 40 55 60 82 —

Degraded 51 78 80 90 —

RF All 319 71 71 79

Very Good 175 91 90 92 94

Good 53 43 47 40 10

Moderate 40 45 40 62 30

Degraded 51 53 57 86 80
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FIGURE 3    |    Standardised residuals of chi-square tests for the validation set between conventional index class ((SOC/clay)Con, x-axis) and estimat-
ed index class (y-axis) for each of the estimation methods: (SOC/clay)Est (a and b), SOCEst/clayEst (c and d) and SOCEst/clayCon (e and f). The columns 
correspond to the regression methods: partial least squares regression (PLSR) and random forest (RF). Positive values suggest association of estimat-
ed and conventional classes; negative values suggest a lack of association.
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4   |   Discussion

4.1   |   Estimating SOC and Clay Concentrations

Estimates of SOC concentration by the conventional and MIRS 
methods both rely on the soil chemical composition. For clay 
however, the conventional method measures particle size frac-
tions whereas MIRS measures clay mineralogy. Hence, the two 
methods gave comparable estimates of SOC concentration but 
larger discrepancy for clay concentration. Our SOC estimates 
and their uncertainties are in line with previous studies using 
MIRS. Soriano-Disla et al. (2014) reported a median R2 of 0.93 
for SOC by the two methods across 20 studies, and R2 = 0.80 for 
clay across 14 studies. Published RMSE values for SOC tended 
to be higher than our PLSR SOC predictions, whereas they 
were comparable with RF SOC predictions (e.g., 6.4–11.9 g kg−1, 

Dangal et al. 2019; 2–6 g kg−1, Clairotte et al. 2016; 6.3–7.2 g kg−1, 
Grinand et al. 2012). Our RMSE values for clay concentration 
tended to be higher than published values (e.g., 24.7–39.5 g kg−1, 
Dangal et  al.  2019; 28.3–42.1 g kg−1, Sanderman et  al.  2020; 
84.5 g kg−1, Terra et al. 2015).

Clay-sized minerals have distinct absorption features in the MIR 
region, so clay concentration is generally accurately estimated 
by MIRS (Madejová 2003; Tinti et al. 2015; Huang et al. 2025). 
However, estimates of clay concentration by particle size anal-
ysis will miss clay minerals in aggregates exceeding 2 μm di-
ameter and will include non-clay minerals such as quartz and 
carbonate (as for example in Figure S1). The carbonate peak at 
2510 cm−1 (Comstock et  al.  2019) is distinctive in our samples 
(Figure S4) and seems to have some significance for the clay and 
SOC/clay estimations.

FIGURE 4    |    Boxplots of the estimated index class probability (�, Equation 3) as a function of the estimated index class, by different estimation 
method: (SOC/clay)Est (a); SOCEst/clayEst (b) and SOCEst/clayCon (c). Boxplots have been grouped and coloured by the index class based on convention-
ally measured data, with the corresponding count displayed above.
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FIGURE 5    |    Percentage of samples from the validation set retained after filtering based on the estimated SOC/clay class probability threshold (left 
y-axis, black line) and the filtered samples as a percentage of the number of samples with their respective index class agreement status (right y-axis, 
blue lines). Rows correspond to index estimation methods: (SOC/clay)Est (a), SOCEst/clayEst (b), and SOCEst/clayCon (c).

TABLE 5    |    Percentage of validation set observations estimated (IndexEst) to be in the same index class as when using the conventional data 
(IndexCon).

(SOC/clay)Con n % retained

IndexEst = IndexCon (%)

(SOC/clay)Est SOCEst/clayEst SOCEst/clayCon

All 319 78, 81, 90 86 (+12) 88 (+13) 96 (+6)

Very Good 175 85, 90, 94 91 (+5) 94 (+6) 99 (+1)

Good–Moderate 93 67, 67, 83 77 (+9) 71 (+1) 91 (+3)

Degraded 51 73, 75, 90 81 (+3) 90 (+10) 94 (+4)

Note: Numbers in parentheses are the difference in the value between pre- (Table 4) and post-filtering based on a 0.99 probability (Equation 3). As the marginal 
uncertainties differ between the (SOC/clay)Est, SOCEst/clayEst, and SOCEst/clayCon methods, different percentages of the original number of samples in the validation set 
(n) were retained (listed in column order left to right, % retained).
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In the literature, X-ray diffraction (XRD) spectra have been 
shown to provide additional explanatory power for estimat-
ing particle size (Chen et  al.  2021) and mineralogy (Huang 
et  al.  2025) compared to infrared spectroscopy on its own. 
Calibrations between XRD and MIR spectra are a significant ad-
vance in soil analysis, providing a more direct measurement of 
mineral composition than particle size alone. This has multiple 
benefits through a better alignment in what is being measured 
(chemical bond vibrations with MIR) and the calibrated prop-
erty (crystalline to amorphous phase arrangements of atoms). 
Furthermore, soils with the same particle size can have differ-
ent biogeochemical properties, for example in the sorption be-
haviour and physical occlusion of carbon (Six et al. 2002; Feng 
et al. 2013), so accounting for mineralogy provides added value 
to the measurement. The ability to derive multiple soil property 
values from a single MIR spectrum also reduces the separation 
of measurements for interpretation of results. That is, with con-
ventional laboratory methods, SOC and soil particle size anal-
ysis would be conducted using separate sample portions with 
different amounts required and represented.

4.2   |   Estimating the SOC/Clay Indices

The relative weighting of clay concentration in the index (Poeplau 
and Don 2023) does mean that errors in this will have a greater 
impact than SOC on index estimation. However, we observed 
index classification rates of > 80% for the highest and lowest 
classes in the proposed three-class index, which is relevant for 
more cost-effective analysis in the context of the Soil Monitoring 
and Resilience Directive, where the 1/13 threshold has been set 
as an indicator of soil organic matter status (COM 2025/2360). 
However, a regional adaptation of the 1/13 threshold has been 
advocated (Bernardini et al. 2025) and, once this methodology is 
established, future work could assess how this coefficient affects 
SOC/clay class prediction from MIRS.

Regarding previous work on spectral methods for estimating 
a combined SOC and clay metric, the analysis of Hermansen 
et al. (2016) had similar aims, using vis–NIRS spectra to predict 
clay and SOC to compare with a clay/SOC ratio (clay/SOC = 10 
based on Dexter et  al.  2008). They used a dataset containing 
eight agricultural fields with 24–95 samples per site and showed 
excellent results for SOC and clay (as a particle-size fraction) es-
timations. They achieved an RMSE of 0.64 for direct estimations 
of clay/SOC. Clay/SOC estimation with our dataset performed 
very similarly to the SOC/clay estimation with PLSR analysis 
(Sections  3.2–3.5), considering the difference in the recipro-
cal scale for quantitative performance (work not presented). 
The high performance of the Hermansen et  al.  (2016) dataset 
compared to ours is likely due to the high local sample density 
compared to the data we used (minimum 5 km between points). 
We therefore postulate that the 5 km sampling grid of the NSI 
could impede accurate and precise predictions at the field scale. 
Furthermore, with higher sampling densities, the inconsistency 
between particle size and MIR spectra may be masked through 
greater representation of mineralogy and clay concentration 
combinations.

Therefore, whilst our methodology is relevant to the application 
of soil spectroscopy at any scale, the use of the NSI at field scale 

might improve through ‘spiking’ with local samples. Spiking a 
library involves using a relatively small number of samples from 
a site with conventional data to increase the representativeness 
of a particular area in the model and has shown improvements 
for using large spectral libraries at smaller geographical scales 
(Brown 2007; Guerrero et al. 2010; Viscarra Rossel et al. 2009; 
Wetterlind and Stenberg  2010). Smaller subsets of national 
spectral libraries could also be an option which can be comple-
mented by spiking. This has been shown to improve local-scale 
estimations, providing that analytical methodologies of the 
spectral library and spiking dataset are equal (Seidel et al. 2019; 
Breure, Prout, et al. 2022b).

Filtering index class estimates based on the probability that they 
were correctly assigned provides a measure of quality control. 
Largely, the removal of these samples improved the percentages 
correctly assigned, although different estimation methods also 
resulted in a varying number of samples filtered. With the data-
set we used, and the strictest threshold, approximately 20% of 
samples would be considered for reanalysis. The filtering rate 
reduced to 10% with SOCEst/clayCon which represents a theo-
retical maximum estimation performance for clay. By filtering 
samples in this way, proportionally more misclassified samples 
were filtered out than those which were correct across methods 
(Figure 5). After conventional analyses, these might be fed into 
the model, potentially improving estimations. These findings 
underline the potential value of uncertainty estimates and sug-
gest that future research on improved quantification of estima-
tion uncertainty is warranted.

4.3   |   Effects of Different Methods to Estimate 
SOC/Clay From MIRS

As the following may have impacts for practitioners, and there 
are no practical reasons to use one instead of the other, we tested 
whether to estimate the index value directly ((SOC/clay)Est) 
or calculate from the component estimates of SOC and clay 
(SOCEst/clayEst).

Overall, there was not a large a difference in the statistics be-
tween the two estimation methods when estimating the numeric 
index value. However, it may be more transparent to estimate 
the separate variables (SOC and clay) than their derived value. 
We had thought that estimating the index value directly might 
be better estimated due to the single model step, but this was 
not the case. We also thought the choice of model might have 
led to better predictions, but the RF method did not lead to im-
provements. This could be because PLSR successfully captured 
the multi-collinearity between the spectra and soil properties in 
the latent variables. Another reason to use RF would be that, as 
a classifier, it can provide probabilities. However, these proba-
bilities are affected by class frequency in the calibration set and 
would need to be corrected (Niculescu-Mizil and Caruana 2005).

The differences in categorical index class estimation showed that 
SOCEst/clayEst for the most part achieved higher agreement than 
(SOC/clay)Est (Table 5). After filtering based on probability that a 
sample was in the correct class, there were higher percentages of 
samples retained and higher estimation agreement percentages 
for SOCEst/clayEst than for (SOC/clay)Est (the Good–Moderate 
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class being an exception). These findings suggest that error 
propagation of the component estimates of SOC and clay led to 
more informative uncertainties. For these reasons, our results 
indicate that the SOCEst/clayEst method is the preferred method 
to estimate the SOC/clay index.

4.4   |   Practical Implications and Future Work

From an applied soil monitoring perspective, further research 
should compare the estimation of a given index class account-
ing for uncertainty of both conventional methods as well as 
MIRS. A level of measurement variation occurs in conventional 
laboratory methods although this variation is seldom reported 
(Pleijsier  1989; Batjes et  al.  2020; van Leeuwen et  al.  2022). 
Sanderman et al. (2021) showed that a large US spectral library 
could be used to achieve monitoring of SOC comparable to con-
ventional lab techniques for several long-term experiments in 
the USA. Furthermore, relative performance between models 
changed when European-scale SOC predictions were consid-
ered in the context of the laboratory error (Breure et al. 2026).

Our results also illustrate the advantages of MIRS for routine 
analysis of soil mineral composition. Compared with particle-size 
analysis, MIR spectra provide a more accurate representation of 
the organo-mineral interactions that are the basis of the SOC/clay 
index (Six et al. 2002; Dexter et al. 2008; Schjønning et al. 2012). 
Calibration of MIRS to mineralogy data (e.g., from XRD) would 
allow for the characterisation of mineral activity in large datasets, 
such as the NSI, while capturing other spectrally-active proper-
ties. This would also add value to existing spectral libraries, e.g., 
the Open Soil Spectral Library (OSSL; Safanelli et al. 2025).

We showed that the probability based on the associated error 
variance has practical value to determine how certain we are 
of a SOC/clay class estimation. Further work could assess how 
uncertainty in MIRS estimates affects the cost-effectiveness of 
using soil spectroscopy to predict SOC/clay indices under dif-
ferent conditions (Li et al. 2022). For example, for our case, 20% 
of validation samples were filtered based on their uncertainty 
and we could assume that MIRS are 1/5 of the conventional lab-
oratory costs (Li et al. 2022). This means that these 20% of the 
validation set are analysed by both MIRS and subsequently by 
conventional analysis, whereas 80% are by MIRS only. The cost 
savings would be 60% compared to analysing the validation set 
only by conventional laboratory methods. However, this disre-
gards the costs of building the spectral library. Also, when sam-
ples are selected for re-analysis, the costs need to be weighed 
against improvements to calibration models that such samples 
can provide. Furthermore, misclassifications might come with 
associated costs as well (Breure, Haefele, et al. 2022a). Overall, 
in an applied MIRS context, we show that the associated uncer-
tainty in estimates is an important criterion compared to im-
proved prediction metrics.

Lastly, decision-making based on soil monitoring data is often 
based on categorical classes calculated from continuous val-
ues. Taking again the Soil Monitoring Resilience Directive as 
an example, for each soil property there are proposed thresh-
olds to assess whether a soil is degraded. For example, < 4 
deci-Siemens m−1 to determine whether a soil is affected by 

salinisation when analysed by the saturated soil paste extract 
(eEC) method (COM 2025/2360). Thus, research on comparing 
conventional and MIRS for index class estimation, together with 
their associated uncertainties, can also be generalised to other 
categorical soil indicator metrics.

5   |   Conclusions

MIRS estimations of the SOC/clay index suggest that a practical 
framework to identify soils in need of improvement or protec-
tion could be based on a modified three-class index. The three 
classes are Very Good, Good–Moderate and Degraded where the 
middle threshold separating Good and Moderate classes (SOC/
clay = 1/10) is removed. There did not seem to be a net benefit to 
directly estimating the index compared to computing the value 
from the component estimates of SOC and clay concentrations. 
We could correctly classify at least 80% of the Very Good and 
Degraded soils (with approximately 70% for Good–Moderate). 
The estimation error for clay concentration seemed to be the 
driver of the incorrect estimations. This may be because of the 
discrepancy in calibrating clay concentration measured by parti-
cle size analysis to the MIR spectra, which reflect the chemistry 
of a sample. Calibration of MIRS to soil mineralogy would allow 
the additional information provided by MIRS to be exploited 
in an improved SOC/clay index which better reflects the SOC–
mineral interactions affecting SOC dynamics and soil physical 
properties. We evaluated to what extent marginal uncertainties 
could be used to filter out samples that did not match the con-
ventional index class. Filtering suggested re-measurement of 
approximately 10%–20% of the validation set. Relative to their 
frequency in the validation set, at least twice as many misclas-
sified samples compared to correctly classified samples were fil-
tered. Having filtered the validation set, the classification rates 
were improved. The filtering was more informative when uncer-
tainty was calculated from the component estimates of SOC and 
clay. Our methodological framework is generalisable to other 
categorical soil indicator metrics to be predicted from infrared 
spectra.
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Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Figure S1: Loadings of the pre-processed spectra 
for each of SOC (top), clay (middle) and SOC/clay (bottom) from the par-
tial least squares regression analysis. Figure S2: Standardised residuals 
of chi-square tests for the validation set between reference index class 
((SOC/clay)Con, x-axis) and estimated index class (IndexEst, y-axis) for 
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each of the estimation methods: (SOC/clay)Est (a and b), SOCEst/clayEst 
(c and d), SOCEst/clayCon (e and f). Columns correspond to the calibra-
tion regression methods used: partial least squares regression (PLSR) 
and random forest (RF) regression. Combining the Good and Moderate 
SOC/clay index classes improved the sensitivity and specificity. Positive 
values suggest association of estimated and reference classes, negative 
values suggest a lack of association. Figure S3: Standardised residuals 
of chi-square tests for the validation set between reference index class 
((SOC/clay)Con, x-axis) and estimated index class (IndexEst, y-axis) for 
each a random forest (RF) regression directly on the SOC/clay index 
class. Positive values suggest association of estimated and reference 
classes, negative values suggest a lack of association. Figure S4: 
Loadings from the partial least squares regression analysis for inorganic 
carbon (IC). The subset of data differed from the subset used for the 
main analysis of SOC/clay due to the presence or absence of inorganic 
carbon measurements, however selection criteria of clay > 0 g kg−1 and 
soil organic carbon ≤ 12.0 g kg−1 were applied as for the main dataset. 
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