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Nearest Neighbor Versus Regression Approach:
Effect of Performance Measures, Calibration Set

Size, and Sampling Method on Soil Organic Carbon
Prediction Using VNIR Lab Spectroscopy

Chirag Rajendra Ternikar , Cécile Gomez , Debsunder Dutta , and D. Nagesh Kumar , Senior Member, IEEE

Abstract—Soil organic carbon (SOC) plays a critical role in
soil health, agricultural productivity, and ecosystem functioning,
making accurate SOC estimations essential for sustainable land
management and climate change mitigation. Visible and near-
infrared spectroscopy has emerged as a promising, nondestructive,
and cost-effective method for SOC estimation. This study evaluates
the performance of nine nearest neighbor (NN) models and the
partial least squares regression (PLSR) model to estimate SOC
using the global open soil spectral library data. Detailed error
analyses and the use of mean absolute error (MAE) as performance
metric revealed differences in model performance that traditional
metrics like R2, RMSE, and ratio of performance to deviation alone
fail to capture. Error correlation analysis further indicated that
o_plsd (optimized partial least squares distance, one of the NN
models) and PLSR provide structurally independent insights, while
certain pairs of NN models (pcad – plsd and o_plsd – o_pcad) yield
redundant information. Among the ten models tested, o_plsd model
outperformed PLSR by leveraging local data density, exhibiting
lower MAE (1.79% versus 2.36%) but was more sensitive to re-
duction in calibration set size. In contrast, PLSR demonstrated
better generalizability with less sensitivity to calibration size vari-
ation, but relatively higher sensitivity to the choice of sampling
method. Future research should focus on strategies to improve
computational efficiency of NN models. The findings highlight
the importance of performance metric selection and calibration
strategy in large-scale SOC modeling. These results have practical
implications for improving SOC prediction models and designing
efficient hybrid approaches for large, heterogeneous soil datasets.

Index Terms—Error correlation analysis, nearest neighbor (NN)
models, open soil spectral library, partial least squares regression
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(PLSR), soil organic carbon (SOC), structural independence,
visible and near-infrared (VNIR) lab spectroscopy.

I. INTRODUCTION

SOIL, as the fundamental substrate supporting terrestrial
life, is more than a physical support structure; it stores

nutrients, regulates water availability, influences productivity,
and hosts diverse microbial communities [1], [2]. Central to
many of these functions is soil organic carbon (SOC), derived
from decomposing plant and animal residues, which influences
soil structure, water retention, and nutrient dynamics. It plays
a significant role in soil health, fertility, and overall ecosystem
functioning [3], [4], [5]. Monitoring SOC contents is essential
for sustainable land management, assessing soil fertility, and
mitigating climate change, as SOC is a major reservoir of carbon
in terrestrial ecosystems [6].

Numerous methods for measuring SOC content are docu-
mented in the literature (see Appendix Section A). Traditional
laboratory techniques, such as the Walkley–Black method [7]
and loss on ignition method [8], provide precise estimates but
are labor intensive, use chemical agents and prove impractical
for large-scale assessments [9]. To overcome these limitations,
visible and near-infrared (VNIR) spectroscopy has emerged as a
promising, rapid, nondestructive and cost-efficient method [10],
[11], [12]. Although VNIR based SOC predictions show varying
degrees of success [13], [14], [15], implying that calibrations are
not always guaranteed, thus warranting further investigation. A
key aspect for successful SOC prediction is the representative-
ness of the calibration dataset. These datasets are mostly site-
dependent, prompting the development of numerous local scale
VNIR soil spectral libraries (SSL) adapted to specific regions
[16], [17], [18], [19], [20], [21], [22]. In parallel, global scale
VNIR SSLs have also been compiled to enhance broader appli-
cability [23], [24], [25], [26], [27], [28]. Analyzing these large
and global libraries presents significant challenges including
spectral complexity, nonlinearity, large datasets, and the curse
of dimensionality, requiring advanced modelling approaches.

Over time, the mathematical models to analyze such datasets
have evolved from linear models, such as multiple linear re-
gression (MLR) and partial least squares regression (PLSR) to
more complex, nonlinear machine learning techniques (details
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in Table III of Appendix A). PLSR remains a widely used
linear model in soil spectroscopy [13], [24], but it struggles
with datasets characterized by substantial nonlinearity and com-
plexity. In contrast, nearest neighbor (NN) models, a subset
of machine learning models, have gained popularity for their
ability to leverage local spectral similarities and handle com-
plex data structures [29], [30]. NN models involve finding the
most similar neighbor based on distance metrics. The proximity
between two objects is inversely related to their distance, with
shorter distances indicating greater similarity between samples
[29]. By leveraging the spectral signatures obtained from VNIR
spectroscopy, the NN approach provides an efficient, data-driven
approach for predicting SOC content [30]. While NN models
show promise in capturing the nonlinear patterns present in
large and heterogeneous SSLs, they have not been thoroughly
evaluated using a global, diverse dataset like OSSL. This gap in
the literature warrants a closer examination of NN models under
real-world, large-scale conditions.

Many spectroscopy studies rely on metrics like coefficient
of determination (R 2), root mean squared error (RMSE), ratio
of performance to deviation (RPD), ratio of performance to
interquartile range (RPIQ), and their arbitrary threshold values,
to evaluate model capabilities and compare performance with
other models [13], [15]. However, selecting the right perfor-
mance metrics is crucial, as different measures highlight dif-
ferent aspects of model performance. Similar challenges arise
across various fields including climate research, hydrology,
machine learning, statistics, and spectroscopy, where relying
solely on popular metrics can lead to different interpretations
if used without proper context and complementary assessments
[31], [32], [33], [34], [35]. Therefore, the authors [36], [37],
[38] advocate that these metrics must be interpreted within the
context of study’s objectives, data characteristics, and value
distributions. In large and heterogeneous SSLs, traditional mea-
sures may fail to capture model suitability, making additional
metrics (e.g., MAE) and more detailed error analyses (e.g.,
error histograms, error correlation analysis) essential. More-
over, previous soil spectroscopy studies rarely assess structural
independence i.e., verifying whether different models provide
unique insights rather than replicating each other’s predictions.
Structural independence refers to the degree to which two mod-
els make different types of prediction errors and is assessed
through error correlation analysis. Such analyses, routinely used
in soil moisture and machine learning studies [39], [40], [41], can
guide strategic model selection, and combination, potentially
improving prediction in spectroscopy.

This study evaluates the application of NN and PLSR ap-
proaches for SOC prediction using the open source, large, di-
verse globally representative open soil spectral library (OSSL)
[26], [27]. The extensive OSSL dataset provides a robust bench-
mark for comparing NN and PLSR models while evaluating the
utility of various performance metrics. The primary objectives
were to assess the accuracy of NN approaches in estimating
SOC, compare their performance with PLSR models, and pro-
vide insights into SOC prediction across diverse conditions. Ad-
ditionally, error correlation analysis was conducted to examine
the structural independence of the models and ascertain the effect

Fig. 1. Overall methodological framework, including soil spectral library
preprocessing, dataset split, model calibration and evaluation.

of performance metrics on model assessment. Further analyses
were performed on selected models to investigate the effect of
different calibration set size and sample splitting methods on
model performance. The findings aim to inform future model
selection, enhance SOC prediction strategies, and guide method-
ological best practices in soil spectroscopy.

II. DATASET, MODELS AND EVALUATION

A. Dataset

The OSSL1 [26], [27] is a collaborative effort consisting
of nine spectral libraries contributed by various organizations
(details in Appendix section A). Samples were extracted from
the OSSL by applying the following criteria (see Fig. 1):

1) the reported SOC content measured by the Walkley–Black
method had to be ≥ 0.1%;

2) the VNIR spectra included had to range from 500 to
2500 nm, with a spectral resolution of 2 nm;

1[Online]. Available: https://soilspectroscopy.org

https://soilspectroscopy.org
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TABLE I
DETAILS OF THE DISTANCE MEASURES USED BY EACH NN MODEL EMPLOYED IN THIS STUDY

3) both SOC values and reflectance spectra had to be within
the theoretical ranges (0% < SOC content < 100%; 0 <
Reflectance < 1).

The reflectance spectra were then converted to absorbance
using (1) [42], [43]. This resulted in a dataset with 1000 spectral
bands at 2 nm intervals in the VNIR range (500 to 2500 nm),
each with a corresponding SOC content. The resulting refined
SOC dataset (consisting absorbance spectra and their associated
SOC values) was used for further analysis (see Fig. 1). After
these refinements, a total of 63 321 samples with absorbance
spectra and corresponding SOC content were obtained from the
original OSSL dataset

Absorbance = −log10 (Reflectance) (1)

B. Models

SSLs provide enormous spectral data, but are subject to the
“curse of dimensionality,” [44], [45] where the high number
of wavelengths per spectrum necessitates dimensionality re-
duction. Principal component analysis (PCA) and partial least
squares (PLS) are standard decomposition methods in spectro-
scopic analysis [46], [47]. These methods assume that a subspace
exists where the maximum amount of original information is
retained. PCA identifies new orthogonal features that explain
variance in the original spectral data, whereas PLS identifies
features that explain variance in both the spectral data and the
soil property of interest. The NN approach, part of nonlinear
machine learning methods, is also known as instance or memory
based learning, local modelling, cluster-based modeling or geo-
graphical segmentation-based modeling [48] while in different
fields of study, it is also termed as NN allocation, NN imputation,
One NN, KNN with k = 1, etc. PLSR predicts based on regres-
sion while NN identifies neighbors through clustering. Despite
both methods using dimensionality reduction, PLSR and NN

models differ fundamentally in their methodologies as one is a
global regression approach while the other is an allocation based
approach. In this study, a total of 10 models were evaluated: 1
PLSR model and 9 NN models (see Models in Fig. 1, Table I).

1) Partial Least Squares Regression Model: The PLSR
model employs PLS decomposition followed by regression. In
this study, the PLSR model used a ten-fold cross-validation
with a one-sigma variation in RMSE minimization to deter-
mine the optimal number of components [49], [50], [51], [52].
The one-sigma variation selects the number of components
within one standard error of the minimum RMSE, while the
ten-fold cross-validation reduces computational time for model
calibration (details in Appendix B and Fig. 4). In all models,
the search for optimal number of components were limited
to 100. Outliers were not removed in the analysis (both cal-
ibration and validation sets) as such values naturally occur,
and the models must be robust enough to account for them
[53], [54]. After calibration, the PLSR model applied weights
to each wavelength of the absorbance spectra to predict SOC
value for the validation set (see Fig. 1). No filtering or correc-
tion was applied to avoid biasing performance metrics. Nega-
tive SOC predictions produced by PLSR were retained in the
analysis.

2) Nearest Neighbor Models: The NN models involve di-
mensionality reduction followed by similarity calculation,
where the most similar neighbor is identified based on distance
metrics. The proximity between two objects is inversely related
to their distance, with shorter distances indicating greater sim-
ilarity between samples [30]. The nine NN models evaluated
in this study—pcd, plsd, o_pcd, o_plsd, cd, mcd, ed, cosd, and
sinfd—each utilize distinct distance metrics for nearest neighbor
identification (see Table I for a summary of the various distance
measures, with abbreviations provided in the table footnote).
The distance metrics were selected based on prior applications
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in soil spectroscopy and chemometrics [48], [48]. The Cosine,
Euclidean, Mahalanobis distance, etc., are commonly used for
angular similarity in high-dimensional data. Specifically, the
pcd, plsd, o_pcd, and o_plsd models apply Mahalanobis distance
within a latent space, whereas cd and mcd rely on correlation-
based measures, with mcd incorporating a moving window of
size 51. The ed model employs Euclidean distance, cosd utilizes
Cosine distance, and sinfd is based on spectral information
divergence [48]. For the pcd and plsd models, the number of
components (principal components for pcd and latent/pls com-
ponents for plsd) was selected based on variance explained. For
the o_pcd and o_plsd models, the optimal number of components
was determined by RMSE minimization using leave-one-out
cross-validation (see Fig. 1).

After calibration, the NN models computed the distance
between each validation sample and the calibration sample.
The distance measures and the number of components varied
depending on the method (see Table I). For each validation
sample, the nearest neighbor was selected based on the minimum
distance. The predicted SOC value for sample in calibration set
was the SOC value of the selected neighbor in calibration set (see
Fig. 1). This process was repeated for all validation samples to
predict their SOC values.

C. Model Evaluation

To evaluate model quality, the SOC dataset was split into
calibration and validation sets using stratified sorted sampling
based on SOC values [55], [56], [57] [see Fig. 1(b) and (c)]. This
sampling approach ensured similar distributions and coverage
of full SOC value range across both sets (details in Table IV of
Appendix A). The calibration:validation ratio was set to 8:3 for
model evaluation [see Fig. 8(b) of Appendix E]. Specifically,
samples were sorted in increasing order of SOC values. To
ensure similar distribution and SOC range in both sets, the first
eight samples were assigned to the calibration set and the next
three to the validation set. This process was repeated until all
samples were categorized. To ensure a fair comparison across
the 10 models (9 NN and 1 PLSR), this stratified sorted sampling
was applied consistently (see Fig. 1) i.e., the models were trained
on the same calibration set and were evaluated on the same
validation set. The total dataset of 63 321 samples was split into
46 053 calibration samples and 17 268 validation samples. After
calibrating the models on the calibration set, predictions were
made for both the calibration and validation sets. This section
details how the framework was evaluated through the following
three main analyses:

1) using traditional performance measures;
2) detailed error analysis and testing structural independence

via error correlation analysis;
3) assessing effect of calibration set size and sampling

method.
1) Traditional Performance Measures: Each model was

evaluated by comparing predicted SOC values with observed
SOC values in both the calibration and validation sets. The
traditional metrics used were mean absolute error (MAE), R
2, RMSE, RPD, RPIQ, and bias (2)–(7) [31], [38], [54], [57],

[58]. These measures are routinely used for model assessment in
soil spectroscopy. The RPIQ metric is a complementary metric
to RPD, especially useful when the data distribution is skewed.
It is computed as the ratio of the interquartile range of observed
values to the RMSE of predictions. Higher RPIQ values indicate
better model performance, and it can offer more robustness than
RPD in datasets with outliers or non-normal distributions [38].
Based on the values of R 2 and RPD, [59] classify models into
three categories with decreasing confidence in the predictions:
good predictions (R 2 > 0.8; RPD > 2), moderate predictions
(0.5 < R 2 < 0.8; 1.4 < RPD < 2) or poor predictions (R 2 <
0.5; RPD < 1.4)

MAE =

∑∣∣∣Y − Ŷ
∣∣∣

n
(2)

R2 = 1−

⎡
⎢⎣
∑(

Y − Ŷ
)2

∑(
Y − Ȳ

)2

⎤
⎥⎦ (3)

RMSE =

√√√√ ∑(
Y − Ŷ

)2

n
(4)

RPD =
SD

RMSE
(5)

RPIQ =
IQR

RMSE
(6)

bias = Ŷ − Ȳ (7)

In which, Y correspond to observations; Ŷ to model pre-
dictions; Ȳ is mean, SD is standard deviation and IQR is

interquartile range from the observations; Ŷ is mean from the
model predictions; and n is the number of samples.

2) Error Analysis: Detailed error analysis (error histograms
and error correlation analysis) provides insights into the model’s
performance and allows for cross-checking inferences from
traditional performance measures. The error histograms capture
each model’s distribution of errors providing insights on model’s
behavior, while error correlation analysis helps confirm whether
two models are structurally independent [39], [40], [41]. Since
many methods use similar distance measures (e.g., Mahalanobis,
Euclidean), transformed space (PLS, PCA) and component se-
lection frameworks (see Table I, Fig. 1), it is crucial to verify the
structural independence of the models i.e., the models are differ-
ent from each other and not merely replicas. Error correlation
analysis helps in testing this structural independence. A high
correlation of errors between two models indicates structural
dependence, while a low or near-zero correlation suggests inde-
pendence. General interpretation of error correlation includes:
positive correlations indicate models make similar mistakes
while negative correlations indicate that the models tend to make
mistakes in opposite directions. Near-zero correlations indicate
that errors are independent. Thus, to ensure appropriate model
evaluation, first traditional performance measures are quantified
followed by model structural independence, finally inferences
are cross-checked by error histogram analysis.
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3) Evaluating Effect of Calibration Set Size and Sampling
Method: Finally, the effect of calibration set sizes and different
sample splitting methods, on model performance was examined.
To assess the effect of calibration set sizes, the SOC dataset
was split into calibration and validation sets using the ratios
varying from 8:3 down to 1:3 [see Fig. 8(b) of Appendix E].
These ratios were chosen to reflect a range of conditions from
data-rich to data-sparse scenarios. Similar proportions have been
tested in earlier studies assessing calibration size sensitivity in
soil spectroscopy [60], [61], [62], [63], [64]. For each ratio, the
model performance was evaluated on a fixed validation set while
the calibration set size was varied, ensuring similar SOC value
distributions in both sets. Specifically, the evaluated split ratios
included 8:3, 7:3, 6:3, 5:3, 4:3 3:3, 2:3, and 1:3 (see Table IV
of Appendix A; Fig. 8 of Appendix E).

To assess the effect of sample split, two sample splitting meth-
ods were used: stratified sorted split and random split. Models
were evaluated over 100 bootstrap iterations to assess the effect
of random sampling [for evaluating sampling method variations;
Fig. 8(c) of Appendix E]. Mean and standard deviation for
each model and sampling method were tabulated. These mean
performance measures from both sampling methods and models
were used to calculate the relative change in percentage for split
size of 8:3 and 3:3. This analysis also enabled testing the effect of
calibration set size variations and the choice of sample splitting
methods on model performances [see Figs. 1; 8(b) and 8(c) of
Appendix E).

All analyses were carried out using R (version 4.3.3; [65])
with the “ggplot2” package for plotting, the “resemble” package
for NN models [48] and the “pls” package for PLSR model
implementation. Computations were executed on an Intel Xeon
5320 CPU system (2.20 GHz processor, 512 GB RAM, NVIDIA
GeForce RTX 4060Ti 16 GB graphics card). The average com-
putational time for a complete set of analyses was approximately
10 days. Figures were prepared using OriginPro 2024b. The
analysis-ready data and the code utilized for reproducing the
results in this paper can be found on GitHub2 and Zenodo [66].

III. RESULTS

A. Exploratory Analysis of Spectra and SOC Values

The characteristics of raw absorbance spectra and the SOC
statistics for all 63 321 samples are shown in Fig. 2(a). The
typical spectral behavior of soils is observed [see Fig. 2(b)], with
distinct absorption peaks around 1400 and 1900 nm, attributed to
water, and near 2200 nm, associated with clay minerals [10]. An
increase in SOC content corresponds to higher absorbance val-
ues, and stratification of spectra by SOC quartiles [see Fig. 2(b)]
demonstrates a systematic rise in overall absorbance with in-
creasing SOC levels. Notably, samples with very high SOC
content exhibit a reduction in the clay-related absorption peak
[60], [61], [62], [63], [64]. The complete range of soil absorbance
variability across all samples is provided in the Supplementary
Material (see Fig. S1).

2[Online]. Available: https://github.com/ternikarcr/SOC_NN.git

The PCA of the spectral data [see Fig. 2(a)] shows that the
first three principal components (PCs) explain 98.77% of the
spectral variance, while the first ten PCs explain nearly all of
the variance (99.96%). The SOC content ranges from 0.1% to
78.45%, with a mean of 6.77%, a median of 1.91%, standard
deviation of 12.50%, and an interquartile range of 3.42% [see
Fig. 2(a)]. The mean value exceeding the median, the standard
deviation surpassing the interquartile range and a skewness value
of 2.6 collectively indicate that SOC data is highly skewed [see
Fig. 2(a)].

B. Performance of NN and PLSR Models

All models demonstrated varying degrees of accuracy in pre-
dicting SOC, with performance ranging from good to moderate.
The calibration and validation results were generally consis-
tent, suggesting that models neither overfit nor underfit (see
Table II(a); Fig. 5 in Appendix C). For the validation set,
the MAE ranged from 1.79% to 4.22% [see Fig. 2(e)], the
RMSE from 3.75% to 9.23%, and R 2 from 0.53 to 0.91 (see
Table II(a)). Among the NN models, o_plsd exhibited the highest
performance (MAE = 1.79%, RMSE = 3.88%, R2 = 0.91),
closely followed by o_pcad (MAE = 1.82%, RMSE = 3.93%,
R 2 = 0.90). Other well-performing NN models included mcd
and ed, while sinfd was the weakest model (MAE = 4.22%,
RMSE= 9.23%, R 2 = 0.53), (see Table II(a)). The PLSR model
also performed well (MAE = 2.36%, RMSE = 3.75%, R 2 =
0.91), aligning with the best-performing NN models. Based on
classification thresholds from [59], five models (o_plsd, o_pcad,
mcd, ed, and PLSR) provided good predictions, while the re-
maining five (pcad, plsd, cd, cosd, sinfd) delivered moderate
performance.

Notably, the choice of the best model depends on the selected
performance metric. For example, based solely on RMSE, PLSR
appears to perform best (3.75%), slightly outperforming o_plsd
(3.88%), o_pcad (3.93%), and mcd (5.17%). However, when
considering MAE, o_plsd ranks highest (1.79%), followed by
o_pcad (1.82%), mcd (2.35%), and PLSR (2.36%). In terms
of explained variance (R 2), both o_plsd and PLSR achieve
the highest value (R 2 = 0.91), followed by o_pcad (0.90) and
mcd (0.84). When considering all metrics collectively, o_plsd,
o_pcad, and PLSR emerge as the top three models. This variation
in model ranking depending on the metrics underscores the
importance of conducting a detailed error analysis, especially
when dealing with large datasets with diverse value distributions.
Relying solely on traditional performance measures may be
insufficient to identify the most effective model.

C. Error Analysis of NN and PLSR Models

To understand the discrepancies in selecting the best model
based on performance measures, as well as to test the structural
independence of the models, a detailed error analysis (error
histograms, error correlation analysis) was conducted. The error
correlation analysis of the validation set identifies structural sim-
ilarities between two pairs of models: (pcad, plsd) and (o_pcad,
o_plsd), with correlation coefficient values of 0.58 and 0.66,
respectively [see Fig. 2(f)] [67]. Their high error correlations

https://github.com/ternikarcr/SOC_NN.git
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Fig. 2. (a) Variance explained by principal component spectra and summary statistics of SOC values from the processed OSSL. (b) Mean VNIR spectra stratified
by SOC quartiles. (c) Overlaid error density plots for all ten models in the validation set using the stratified sorted 8:3 calibration:validation split. (d) Error statistics
table summarizing model performance. (e) Variation in MAE across all models in the validation set. (f) Error correlation matrix for all model pairs in the validation
set. (g) Overlaid error density plots comparing o_plsd and PLSR. (h) Predicted versus observed scatterplots for o_plsd and PLSR in the validation set.
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TABLE II
PERFORMANCE EVALUATION SUMMARY FOR BOTH CALIBRATION AND VALIDATION SETS, INCLUDING. (A) PERFORMANCE OF ALL MODELS; (B) PERFORMANCE

VARIATIONS DUE TO INPUT (CALIBRATION SET) SIZE CHANGES, AND (C) PERFORMANCE VARIATIONS DUE TO DIFFERENT SAMPLING METHODS

R R

indicate that o_plsd and o_pcad are structurally similar, mean-
ing that using both does not provide additional insights into
SOC predictions beyond what one model can offer. Although
these pairs utilize different dimensionality reduction techniques
(PCA versus PLS; see Table I), they are still structurally similar
and thus do not contribute distinct information. Other model
pairs exhibited low error correlations, suggesting structural in-
dependence. For instance, the error correlation between o_plsd
and PLSR (both using PLS based dimensionality reduction) is
relatively low [0.34, see Fig. 2(f)], indicating that these two
models provide independent insights into SOC predictions [see
Fig. 2(e)]. In contrast, other model pairs remain independent.
Thus, among the top three models identified by performance
measures (o_plsd, o_pcad, PLSR), only o_plsd and PLSR are
structurally independent. Additional insights are provided in
Appendix section C.

To compare the performance of o_plsd and PLSR, error
histograms were analyzed. The o_plsd model exhibited a higher
concentration of errors near zero and a more compact error dis-
tribution, whereas PLSR displayed a broader error spread with
a longer tail [see Fig. 2(c) and (d)]. Overlaid scatter plots [see
Fig. 6(b) and (c) in Appendix Section C] and error histograms
[see Fig. 2(c)] further indicate that o_plsd predictions are more
tightly clustered around the 1:1 line compared to PLSR, which

even produced some negative SOC predictions [see Fig. 2(g) and
(h)]. Although o_plsd has a slightly wider overall error range
(–46.5% to 46.1%) compared to PLSR (–43.9% to 31.6%), its
interquartile range (IQR) is notably smaller (1.2% for o_plsd
versus 2.9% for PLSR) [see Fig. 2(d)]. Additionally, the errors
in o_plsd are more densely concentrated near zero, reinforcing
its superior predictive accuracy. Considering both the structural
independence of the models and the characteristics of the er-
ror distribution, o_plsd emerges as the best-performing model,
followed by PLSR [see Fig. 2(d), (g), and (h); Table II(a)].

D. Evaluating Effect of Calibration Set Size and Sampling
Method on O_Plsd and PLSR Models

Two sets of analyses were conducted to evaluate the effect of
calibration set size and sampling methods on model performance
of o_plsd and PLSR. First, the effect of varying the calibration
set size was examined (see Fig. 1). Second, the influence of using
different sample splitting methods (stratified versus random)
was tested. Finally, to quantify the actual contributions from
calibration set size and sample splits, relative changes were
computed. Because MAE was consistent with the detailed error
analysis and more appropriate for intercomparison studies [34],
it is used to summarize the results.
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Fig. 3. Effect of calibration set size and sampling methods on model performance in validation set. (a) Barplot showing variation in MAE for o_plsd and PLSR
as calibration:validation ratio decreases from 8:3 to 1:3. (b) Boxplots illustrating MAE distributions, from 100 bootstrap random splits at 8:3 and 3:3 ratios, with
dotted lines indicating stratified splits for o_plsd and PLSR. (c) Tabulated mean MAE and relative changes due to calibration set size and sampling method choice
for the o_plsd model (d) Same as (c) but for the PLSR model.

1) Effect of Calibration Set Size: As expected, reducing the
calibration set size resulted in increased errors for both the
o_plsd and PLSR models. For o_plsd, the MAE increased from
1.79% (at an 8:3 calibration:validation split) to 2.23% (at a
1:3 split), while for PLSR it rose from 2.36% to 2.56% (see
Table II(b); Figs. 3(a); 9 of Appendix E). Although o_plsd
consistently outperformed PLSR at all calibration:validation
ratios, its MAE exhibited a steeper increase, indicating a higher
sensitivity to calibration set size. In contrast, PLSR showed a
more gradual increase in MAE, suggesting greater generaliz-
ability (Appendix Section E). Notably, the MAE increase for
o_plsd (2.23–1.79 = 0.44%) was twice that of PLSR (2.56–2.36
= 0.20%).

2) Effect of Sampling Method: Next, 100 bootstrap iterations
were performed using random calibration-validation splits to
assess the effect of sampling methods on both models [see
Fig. 3(b)]. Both o_plsd and PLSR show similar performance
when the calibration and validation sets are selected randomly
versus using stratified sorting. For instance, o_plsd has a valida-
tion MAE of 1.79% with stratified and 1.80% with random sam-
pling at the 8:3 ratio—a negligible difference. Similarly, PLSR
had no difference with MAE of 2.36% both in random and strat-
ified sampling (see Table II(c)). Although o_plsd consistently
outperformed PLSR, its MAE fluctuated about twice as much

as PLSR’s under random sampling iterations. Nonetheless, these
variations are much smaller than those observed when reducing
calibration set size.

3) Relative Contributions of Calibration Set Size and Sam-
pling Method: To quantify the actual contributions from cali-
bration set size and sample splits, relative changes were com-
puted. For the 8:3 split, o_plsd had an average MAE of 1.79%
with stratified sampling and 1.80% with random sampling—a
relative change of about 0.55%. Similar relative changes were
computed for both models, different calibration set sizes, and
sampling methods [see Fig. 3(c) and (d)]. For o_plsd, the
relative change in MAE due to calibration set size variation
was 8.88% –10%, whereas the relative change due to sampling
method was only –0.51% –0.55% [see Fig. 3(c)]. Thus, the
effect of calibration set size on o_plsd’s MAE is about ten
times greater than that of the sampling method. For PLSR, the
relative change in MAE due to calibration set size variation
was 2.54% –5.51%, while the change attributable to sampling
method choice was 0% –2.42% [see Fig. 3(d)]. Thus, calibration
set size had roughly twice the influence of sampling method
on PLSR’s performance. Comparing the two models, o_plsd is
approximately twice as affected by calibration set size variation
and about half as affected by sampling method choice relative to
PLSR.
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In summary, o_plsd required fewer components (24) than
PLSR (73) and consistently showed lower MAE values (1.79%
versus 2.36%), achieving higher accuracy, suggesting effi-
ciency in handling spectral data. Although o_plsd was more
accurate than PLSR, reducing the calibration data dispropor-
tionately affected its performance, causing faster degradation
as the calibration set reduced. By contrast, the choice be-
tween stratified and random sampling has a relatively mi-
nor effect on performance; while o_plsd was less affected,
PLSR showed slightly greater sensitivity in this regard. Over-
all, these findings for SOC prediction suggest that o_plsd is
well suited for tasks requiring high accuracy when ample cal-
ibration data is available, whereas PLSR may be preferable
when generalizability is needed and the calibration set is very
limited.

IV. DISCUSSION

A. Effectiveness of O_Plsd and PLSR Models

The o_plsd model achieved a low MAE of 1.79%, RMSE
of 3.88%, and an RPD of 3.22, while PLSR attained a MAE
of 2.36%, RMSE of 3.75%, and an RPD of 3.33. Both these
RPD values fall within the category of “excellent models”
[68] or “good predictions” [59], illustrating the effectiveness
of both VNIR spectroscopy and o_plsd and PLSR models for
predicting SOC in diverse global soils. The performance met-
rics of the models in this study align well with findings from
meta-analyses and individual studies on VNIR spectroscopy
for SOC prediction. Meta-analyses by Ahmadi et al. [13], and
Chinilin et al. [15] reported mean and median R 2 values of 0.76
and 0.67, respectively, while the models in this study exceed
those values. However, the RMSE here is higher, likely due
to the large sample size (63 321) and the broad SOC range
(0.1% –78.45%), which naturally contribute to increased errors
despite strong model performance. Comparisons with individual
studies further highlight the robustness of the models evaluated
here. For instance, [27], using the OSSL with a Cubist model,
achieved R 2 = 0.94, RMSE = 2.36%, slightly outperforming
this study but remaining broadly comparable. Similarly, study
[69], analyzing 19 804 U.S. soils [70], achieved R 2 = 0.83,
RMSE = 7.38% using PLSR and R 2 = 0.96, RMSE = 3.61%
with ANN. National and regional soil spectral libraries often
report high accuracy but generally involve smaller datasets
and narrower SOC ranges, leading to lower RMSE values.
For example, Brown et al. [71] reported R 2 = 0.87, RMSE
= 0.4%, and [37] found RMSE = 0.25% in Australian soils.
Studies from Europe, China, Brazil, and India [54], [72], [73],
[74] also demonstrate strong results, but with more localized
datasets, such as study [73] achieving R 2 = 0.90, RMSE =
0.37% for Chinese soils. While some studies report lower RMSE
values, differences in dataset size, SOC range, and modeling
approaches must be considered. Given the large, globally dis-
tributed dataset and the exceptionally wide SOC range in this
study, the models perform competitively compared to existing
literature.

B. Choosing Performance Measures Carefully

In large datasets with wide range of values, traditional met-
rics alone may not fully capture predictive accuracy or model
suitability. In this study, a combination of error analysis, R 2,
and MAE provided a more nuanced understanding of model
performance than any single metric. For example, based solely
on RMSE, PLSR performs best and when considering MAE,
o_plsd performs best while in terms of R 2, both o_plsd and
PLSR achieve the highest value. This highlights the importance
of carefully selecting performance measures when dealing with
large sample sizes and wide range of values. Furthermore, per-
formance measures alone can be misleading if models are struc-
turally similar. Error correlation analysis should be conducted to
determine whether models offer independent insights or simply
replicate one another’s predictions. Such structural assessments
may guide the combination of models, potentially improving
SOC prediction accuracy. Finally, to ensure transparency and fair
comparisons, future research should consider providing pairs of
predicted and observed SOC values. As advocated by Shao et al.
[75], sharing these data enables the broader research community
to apply different performance metrics and methods of struc-
tural assessment, ensuring consistent, reproducible evaluations
and guiding the development of more informative performance
measures.

Selecting the right performance metrics is critical, as different
measures highlight different aspects of model performance.
Multiple classification schemes have been proposed for inter-
preting the RPD metric in soil spectroscopy: for example, Chang
et al. [59] defined three classes of model performance with RPD
thresholds of 1.4 and 2.0, whereas Chinilin et al. [15], and Rossel
et al. [76] proposed three class systems with slightly different
cutoffs (1.5 and 2.0), and Saeys et al. [68], and Shi et al. [73]
offered more detailed categorizations with thresholds at 1.5, 2.0,
2.5, and 3.0 to distinguish between poor, approximate, moderate,
good, and excellent predictions. Similar thresholds also apply for
R 2 and other performance metrics. Although these cutoffs are
widely used in soil spectroscopy, several authors caution against
over-reliance on fixed RPD thresholds [36], [37]. Minasny and
McBratney [38] emphasize that performance measures should
reflect the study’s objectives and data characteristics rather than
arbitrary thresholds. Such caution extends beyond spectroscopy
to metrics like KGE and NSE in hydrology [32], kurtosis in
statistics [70], overall versus average accuracy or Matthews
correlation coefficient versus F1 in machine learning [35], [75],
[77], [78] and RMSE versus MAE in climate studies [34]. All
these highlight how different metrics can lead to different in-
terpretations if used without proper context and complementary
assessments.

C. Advantages of O_Plsd and PLSR Models

The superior performance of the o_plsd model over PLSR
in this study can be attributed to both data characteristics and
methodological differences. The o_plsd model operates within
the range of the input data and capitalizes on the density
and proximity of similar samples, ensuring predictions remain
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realistic and well-anchored within the observed sample space.
By leveraging local variations in the data, o_plsd enhances accu-
racy, particularly in cases where samples are densely clustered
around specific SOC levels. In contrast, PLSR, as a global
regression-based approach, does not inherently consider local
density or proximity. It can produce predictions outside the
observed data range, particularly in regions with sparse sample
coverage. PLSR assumes a primarily linear relationship and may
not capture the complexity or nonlinearity of the spectra-SOC
relationship, resulting in limited performance when wide range
of values are present. Hence, while PLSR generalizes well with
smaller datasets, it is less sensitive to subtle, localized patterns
that strongly influence o_plsd’s accuracy (Table V in Appendix
D). This explains why o_plsd provides better performance,
particularly for a densely populated OSSL dataset. Previously,
Ng et al. [79] indicated that PLSR provides good predictions,
often outperforming more complex models, especially under
varying sampling conditions. This robustness explains why
PLSR in this study exhibits lower sensitivity to calibration set
size variations. It remains comparatively stable when data are
limited or unevenly distributed. However, when a rich, densely
populated dataset is available, o_plsd outperforms PLSR by
better leveraging local spectral information and improves SOC
predictions.

D. Effect of Calibration Set Size

In this study, reducing the calibration set size led to a varying
degree of increased predictive errors in both models. The MAE
decreased for o_plsd (2.23% to 1.79%) and PLSR (2.56% to
2.36%) when calibration size increased from ∼9% to 72.7% of
total sample size. This is consistent with numerous studies that
show improved performance in VNIR-based SOC prediction
with increasing number of calibration samples [12], [22], [71],
[79], [80], [81], [82], [83], [84], [85], [86], [87], [88]. This
improvement is generally attributed to the more comprehensive
representation of soil variability viable by a larger calibration
set. For example, Shepherd and Walsh [80] reported an increase
in R 2 from ∼ 0.20 to 0.75 when the calibration set proportion
rose from 5% to 67% of the total samples. Similarly, Kuang
and Mouazen [81] observed that error decreased almost linearly
(from 0.78% to 0.64%) as the calibration set grew from ∼20%
to 80% of total samples. In another instance, Grinand et al.
[82] showed error reductions from 0.80% to 0.59% when the
calibration size ranged from 10% to 80% of total samples, and
Clairotte et al. [86] similarly noted re ductions from 0.59% to
0.48% as the calibration increased from 25% to 90%. Collec-
tively, these findings underscore the importance of an adequately
sized calibration set in capturing soil complexity and enhancing
model performance.

E. Effect of Sampling Method

All sampling methods rely on different principles for selecting
calibration samples. However, except the random sampling,
others employ a stratification strategy to enhance sample rep-
resentativeness. In this study, the choice of sampling method
did not significantly affect the calibration performance, as both

models exhibited negligible changes in MAE likely due to
the large overall sample size (validation set of 17 268). This
is consistent with previous studies demonstrating minimal or
negligible impact on performance in VNIR-based SOC pre-
diction with varying sampling methods [62], [79], [83], [85],
[88], [89]. Such minimal variation is generally attributed to a
sufficiently broad representation of soil variability within both
calibration and validation sets [88]. On the contrary, several
studies have demonstrated improved performance using strati-
fied sampling methods over random sampling—particularly for
smaller datasets. For example, Clairotte et al. [86] employed
Kennard-Stone sampling on a validation set of 380 samples,
Debaene et al. [83] using k-means clustering with 199 samples
and Ng et al. [79] applied conditioned Latin hypercube sampling
with 1000 samples, all noting better results compared to random
sampling. Ramirez-Lopez et al. [85] similarly emphasized that
the choice of sampling method is important when the calibration
set is relatively small, whereas it is less consequential for larger
datasets. Collectively, these findings underscore that sufficiently
capturing soil variability in both calibration and validation sets
is vital. Thus, random sampling in large datasets may be ade-
quate, provided variability is comprehensively captured. In this
aspect, Brown et al. [89], and Soriano-Disla et al. [90] advocate
choosing calibration samples that represent the population’s
variability, match the intended model use and reflect spatial
structure, thereby ensuring reliable predictions for independent
validations.

F. Limitations

While this study provides robust benchmarking of NN and
PLSR models using a large, global spectral dataset, several lim-
itations should be noted. First, the analysis is based solely on the
OSSL dataset; model generalizability to region-specific SSLs
or new field-acquired spectra remains untested. Second, while
o_plsd achieves high accuracy, it is computationally expensive
and less interpretable than linear models. The complete o_plsd
calibration and validation cycle required ∼32 h, whereas PLSR
completed it in 12 h. The higher complexity of o_plsd arises
from distance computations for all calibration-validation pairs.
These tradeoffs must be considered when scaling up for real-
time or resource-limited applications. Third, the PLSR model
occasionally produces negative SOC values, highlighting a need
for postprocessing, bounded prediction techniques or hybrid
approaches. Future research should address these limitations
through validation on multiple SSL datasets, hybrid modeling,
and efficiency optimization.

G. Future Research

One promising research direction is optimizing NN mod-
els, which are computationally intensive because calibration
requires calculating distances between all pairs of calibration
samples (nc samples) for each number of components (q). Con-
sequently, calibration complexity grows with (nc ∗ nc ∗ q) and
once the optimal number of components is selected, prediction
for the validation set (nv samples) involves (nc ∗ nv) operations.
To optimize this process, two approaches can be explored. First,
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clustering the calibration samples into a smaller representative
subset (e.g., reducing nc to �nc samples) can lower complexity
to approximately �nc ∗ �nc ∗ q (i.e., nc ∗ q), and validation 2
∗ �nc ∗ nv, with minimal loss in model performance. Second,
create �nc subsets of the calibration data by stratified subsetting
and calibrate each separately. While it may appear more complex
�nc ∗ �nc ∗ �nc ∗ q (i.e., (�nc)3 ∗ q) for calibration and nc ∗
nv for validation, it can maintain representativeness and improve
computational efficiency.

Another promising step would be to combine models to
exploit their unique strengths. Evaluating model performance in
a piecewise manner by stratifying the data could reveal model
strengths and weaknesses under different conditions. Stratifica-
tion basis can be SOC ranges (low, medium, high, very high), soil
texture categories, or soil classes. This targeted evaluation may
lead to more accurate predictions in specific subsets of the data.
Additionally, systematically combining NN and PLSR models
may balance local adaptability with broader generalization. For
instance, a hybrid approach, termed NN-PLSR could first use
NN model to select a locally appropriate calibration subset
and then apply PLSR to derive robust, generalized regression
coefficients. Such a combination could integrate the strengths
of both methods, offering improved accuracy and reliability.
Finally, the approaches tested in this study should be evaluated
on other critical soil properties.

V. CONCLUSION

This study evaluated the performance of NN and PLSR mod-
els for predicting SOC across a large, globally representative,
and OSSL. The results show that NN-based models, particu-
larly o_plsd, can achieve superior accuracy compared to PLSR
under diverse conditions. However, while o_plsd excels with
large calibration data and effectively leverages local spectral
similarities, it is more sensitive to reductions in calibration set
size. By contrast, PLSR maintains more stable performance as
calibration data decreases, though it is relatively more affected
by the choice of sampling method. A key finding of this study
is that the selection of performance metrics significantly affects
model evaluation. Traditional measures like R 2, RMSE, RPD
alone can be misleading, especially in large datasets with wide
range of values. In this context, detailed error analysis and
MAE proved more informative and robust, better reflecting true
model performance. Additionally, error correlation analysis re-
vealed structural independence, showing that certain pairs of NN
models yielded redundant information; while o_plsd and PLSR
remained distinct indicating that each model adds unique value
to the prediction framework. This structural independence is
crucial for informed model selection and potential development
of model ensembles. Future research could explore hybrid ap-
proaches that combine the local adaptability of NN models with
PLSR’s broader generalization capability, potentially striking
a better balance between accuracy and complexity. Further-
more, reducing computational complexity through methods like
clustering calibration sets or stratified subsetting would make
these models more practical for large-scale soil analysis. Ulti-
mately, this research contributes to advancing SOC prediction
methodologies, supporting more accurate and context-specific

assessments critical for sustainable land management and cli-
mate change mitigation efforts.

APPENDIX

A. Additional Details of SOC Estimation Methods,
Mathematical Approaches in Spectroscopy, the Open Soil
Spectral Library (OSSL) and Stratified Sorted Sampling

This Appendix provides additional details on the variety of
methods available for SOC estimation, an overview of mathe-
matical approaches applied in soil spectroscopy, further infor-
mation about the OSSL, and a description of stratified sorted
sampling used in this study.

1) SOC Estimation Methods: These methods summarize
various other approaches discussed in the main text. In addition
to wet-chemistry techniques, other approaches for SOC estima-
tion include visible and near-infrared spectroscopy [10], mid-
infrared spectroscopy [91], covariate modelling (e.g., SCOR-
PAN: soil properties, organisms, parent material, relief, and
climate; [92]) and ecosystem simulation models (e.g., CEN-
TURY; LPJ: Lund-Potsdam-Jena Dynamic Global Vegetation
Model; CLM: Community Land Model; APEX: Agricultural
Policy/Environmental eXtender; [93], [94], [95], [96]). In spec-
troscopy, analyzing the large datasets contained in soil spec-
tral libraries presents significant challenges, requiring advanced
methods such as dimensionality reduction, pedo-transfer func-
tions, spectra-transfer functions, covariate analysis, transfer
learning, sample subsetting, etc.

2) Open Soil Spectral Library (OSSL): The OSSL, devel-
oped by Soil Spectroscopy for Global Good, aims to provide
free, transparent, and open-source research, as previously sug-
gested by several authors [23], [24], [25], [26], [27], [97]. The
spatial locations of the samples can be found in the Supple-
mentary Material (see Fig. S2) and at the following GitHub and
OSSL manual websites.3 These diverse sources and collabo-
rators emphasize the global and comprehensive nature of the
OSSL dataset.

The OSSL includes data on 44 soil properties, sourced from
ten different SSLs, including: USDA-NRCS Kellogg Soil Sur-
vey Laboratory (KSSL), ICRAF-ISRIC SSL, Africa Soil In-
formation Service (AfSIS), LUCAS SSL, Central African Soil
Spectral Library, Schiedung SSL, Garrett SSL, and Serbian SSL.
These sources are cited in various studies ([23], [69], [70],
[98], [99], [100], [101], [102], [103], [104], [105], [106], [107],
[108]). Contributing organizations include the USDA NRCS
National Soil Survey Center – Kellogg Soil Survey Laboratory,
ICRAF-World Agroforestry, ISRIC-World Soil Information, Af-
SIS, European Soil Data Centre, ETH Zurich, University of
Zurich, Scion Research, and University of Novi Sad, Serbia
(more details can be found in the OSSL manual).

The VNIR spectra in the OSSL primarily come from
the ICRAF-ISRIC SSL (4073 samples), KSSL SSL (19 807
samples), and LUCAS SSL (40 175 samples). The pri-
mary variable of interest in this study was SOC, labeled as
“oc_usda.c729_w.pct,” and described as “Organic Carbon, Total

3[Online]. Available: https://github.com/soilspectroscopy; https:
//soilspectroscopy.github.io/ossl-manual/

https://github.com/soilspectroscopy
https://soilspectroscopy.github.io/ossl-manual/
https://soilspectroscopy.github.io/ossl-manual/


25594 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

TABLE III
MATHEMATICAL METHODS USED FOR SOC PREDICTION IN SOIL SPECTROSCOPY

TABLE IV
STRATIFIED SORTED SAMPLE SPLITS ILLUSTRATING CALIBRATION (ORANGE COLOR) AND VALIDATION (GREEN COLOR) SETS FOR VARIOUS

CALIBRATION:VALIDATION RATIOS

C without CaCO3, S prep.” The total dataset, steps of refining
and creating analysis ready dataset for this study is defined in
“Section II-A Datasets.”

3) Stratified Sorted Sampling: Stratified sorted sampling was
employed to ensure similar SOC distributions in both calibration

and validation sets. Table IV illustrates the sample splits for
various calibration:validation ratios. The number in each row
represents the sample number after the samples are sorted by
SOC values. This approach ensures the same validation set
across different ratio splits.
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Fig. 4. PLSR model calibration and validation. (a) Selecting the number of PLS components using the one-sigma criterion. (b) Variance explained by the first
three PLS components. (c) Loading values for the first three PLS components. (d) Predicted versus observed SOC for the calibration set. (e) Predicted versus
observed SOC for the validation set. The plots for all calibration:validation splits are provided in supplementary information (Fig. S3-S10).

B. PLSR Calibration-Validation

The PLSR model calibration process involved selecting the
optimal number of components using the one-sigma criterion to
avoid an increase in RMSE (see Fig. 4). The variance explained
by each PLS component and its corresponding loading factor
are presented in Fig. 4(b) and (c), respectively. Predictions from
the calibrated PLSR model were compared with observed SOC
values, and scatter plots were generated for both the calibration
and validation sets [see Fig. 4(d) and (e)]. Notably, the PLSR
model sometimes produces negative SOC predictions. Such

values may require further processing or cautious interpretation,
particularly at very low or very high SOC levels [see Fig. 3(b)
and (e); Fig. 5].

Determining the number of PLS components via the one-
sigma RMSE minimization approach typically produces an
elbow pattern [see Fig. 4(a)]. As the initial PLS components
capture most of the spectral variance, thus rapidly reducing
RMSE. Over time, as additional components explain diminish-
ing amounts of variance (i.e., more noise than signal), reductions
in RMSE taper off. In essence, the initial components represent
the primary signal in the spectra, while subsequent ones capture
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Fig. 5. Predicted versus observed SOC scatterplots for all ten models using a stratified sorted 8:3 calibration:validation split, shown for both calibration and
validation sets.

progressively more noise. The loading value variations of the
first three PLS components that explain 85.7%, 10.4%, and
2.6%, respectively, is shown. The variation of first component
shows that all the wavelength have a positive loading value while
the next two have both positive and negative loading values.
The typical absorption features [see Fig. 2(a) and (b)] appear
more prominently in second and third component. The first PLS
component and the variation of spectra stratified with SOC value
[see Figs. 2(b) and 4(c)] shows that the SOC content does not
affect any particular wavelength but rather all the intensity of
all the wavelengths with some more prominent than others. This
could also be one of the reasons for need of many number of PLS
components for prediction of SOC. The number of components
needed by o_plsd model is 24 while for PLSR is 73 (see Table II).

C. Predictions From All Ten Models

Fig. 5 presents the scatter plots for the predicted vs. observed
SOC for all methods. Models like pcad, plsd, sinfd, cosd, and cd
show points scattered widely around the axes in both cal and val
sets. In contrast, models such as ed and mcd yield predictions
more closely clustered around the 1:1 line, and the best clustering
is observed for o_pcad, o_plsd, and PLSR. Although PLSR’s

scatter plot is tightly clustered, factors like the range of predicted
values and point density must also be considered. These factors
may not be fully captured by simple scatter plots. Density-based
scatter plots and overlaid scatter plots [see Fig. 3(b), (d), and (e)]
provide clearer insights, aligning well with performance metrics
like MAE (see Table II).

Additional insights are provided in Fig. 6, which shows scat-
ter plots of model error comparisons, error distributions, and
Pearson’s correlation coefficients. In Fig. 6(a), the lower trian-
gular matrix displays error scatter plots, the diagonal elements
show error distributions, and the upper triangular matrix reports
Pearson’s correlation coefficients. These visualizations confirm
the high error correlation between (pcad, plsd) and (o_pcad,
o_plsd), reaffirming their structural similarity. In contrast, other
model pairs remain independent [see Figs. 2(e) and 3(a)]. Thus,
among the top three models identified by performance measures
(o_plsd, o_pcad, PLSR), only o_plsd and PLSR are structurally
independent.

In the NN approach, predictions for the validation set are in-
herently constrained by the calibration data. Since each predicted
value is derived from the most similar samples in the calibration
set, the predicted SOC values cannot exceed the minimum or
maximum SOC values observed in that set. Consequently, the
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Fig. 6. Error analysis of SOC predictions including: (a) Matrix of model error comparisons, error distributions, and Pearson’s correlation coefficients (lower
triangular matrix displays error scatter plots, the diagonal elements show error distributions, and the upper triangular matrix reports Pearson’s correlation coefficients
where ∗∗∗ indicates correlation values are statistically significant at p < 0.001); Density-based scatter plots of predicted versus observed SOC for (b) o_plsd and
(c) PLSR.

range of predicted SOC values in the validation set matches
that of the calibration set. This inherent boundary helps prevent
extreme or physically implausible SOC estimates. In contrast,
PLSR does not rely on a NN framework and instead uses
linear combinations of latent factors extracted from the spectra.
As a result, PLSR predictions are not strictly confined to the
SOC range of the calibration data and can extrapolate beyond

observed values. While this flexibility may be beneficial for cer-
tain datasets, it also introduces the risk of producing unrealistic
estimates. In this study, for many, PLSR predictions became
negative, sometimes reaching as low as –20% SOC. Such values
have no meaningful physical interpretation, emphasizing the
need to apply caution when using PLSR predictions, especially
at the low or high extremes of the SOC range. Figs. 3(b), 3(e),
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Fig. 7. Distribution of prediction errors for o_plsd and PLSR models across ten quantiles of SOC. Errors are computed under the 8:3 calibration:validation split
scenario, with each boxplot representing the error distribution within a given SOC quantile.

TABLE V
FREQUENCY OF SAMPLES FOR WHICH O_PLSD AND PLSR PRODUCED THE

LOWEST ABSOLUTE ERROR UNDER THE 8:3 SPLIT SCENARIO

and 6 illustrate these issues, showing that while PLSR may
occasionally produce extreme predictions, these outliers must
be carefully scrutinized. On the other hand, the o_plsd model
consistently yielded errors more densely concentrated near zero.
Density-based scatter plots [see Fig. 6(b) and (c)] further support
this finding, showing that the highest density of predicted vs.
observed SOC points lies close to the origin. This pattern aligns
well with the median observed SOC value of 1.91%, reflecting
the model’s capacity to accurately capture the central tendencies
of the soil samples. In practical terms, these results suggest that
o_plsd not only maintains a realistic range of predictions but also
achieves higher overall accuracy, making it a more dependable
choice for SOC estimation under a wide range of conditions.

D. Detailed Error Analysis of o_plsd and PLSR Models

Using the 8:3 stratified sorted split, we conducted an ad-
ditional analysis of the validation set errors to determine, on
a sample-by-sample basis, which model produced the lowest
absolute error for each observation. By counting how many
times each model achieved this minimum error, we can infer
their relative strengths in predicting SOC values. As shown
in Table V, out of a total of 17 268 validation samples, the
o_plsd model yielded the lowest absolute error for 11 543
samples (approximately 67%), while PLSR performed best for
the remaining 5725 samples (about 33%). These results indicate
that o_plsd provides more accurate predictions for the majority
of the validation samples compared to PLSR, reinforcing the

conclusion that o_plsd is generally the stronger performer under
these conditions. However, PLSR still excels for a substantial
subset (one-third) of the data, highlighting that no single model is
universally superior. This complementary insight, beyond aggre-
gate performance metrics (like R 2, RMSE, RPD) can help guide
model selection for specific applications. This sample-level anal-
ysis emphasizes the value of examining model performance in a
more granular manner, ensuring that model selection is informed
by the data characteristics and error distributions.

Furthermore, the boxplot (see Fig. 7) illustrates the distri-
bution of prediction errors for both the models: o_plsd and
PLSR, across ten quantiles of SOC. The x-axis represents the
quantiles, with each bin containing 10% of the samples sorted
by increasing values of SOC, while y-axis denotes the prediction
error. Boxplots display the median, interquartile range, and
overall spread of errors for each model within each quantile,
with outliers excluded for clarity. In the lower quantiles, both
models exhibit low error magnitudes and are centered close
to zero, indicating good predictive performance. The higher
SOC ranges exhibit higher error variability. The o_plsd model
tends to overestimate in higher quantiles, while PLSR shows
a tendency toward underestimation. This divergence in model
behavior suggests that both models perform well for low to
moderate SOC values but struggle to generalize accurately in
higher ranges, with differing bias characteristics. Across the
quantiles, o_plsd model consistently demonstrates lower error
spread and median values closer to zero, particularly in the
higher quantiles, where both models show greater variability.
In contrast, the PLSR model tends to underestimate in these
higher quantiles and exhibits wider error distributions.

E. Additional Details on Model Evaluation

Fig. 8 shows the methodological framework for Soil spec-
tral library preprocessing; and model evaluation strategy for
variation in input size and sampling variations. This figure is
complementary to Fig. 1 with specific focus on the evaluating
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Fig. 8. Methodological framework components. (a) Soil spectral library preprocessing and generalized methodology for model evaluation including (b) evaluation
of variation in input (calibration) size; (c) evaluation of variation in sampling methods.

the effects of calibration set size and sampling method on the
selected models. The variation of input data should intuitively
affect both o_plsd and PLSR models. As the calibration data
size decreases, error measures are expected to increase. Similar
pattern is observed in both models when data split varies from 8:3
to 1:3 (see Fig. 9). Specifically, the MAE increase from 1.79 to

2.23 in o_plsd and 2.36 to 2.56% in PLSR. Though the o_plsd
model is superior to PLSR, the increase in MAE for o_plsd
is twice that of PLSR. This implies that the o_plsd method is
more sensitive to variation in calibration dataset size while the
PLSR method is less sensitive and more generalizable. Similar
conclusion could also be seen from the variation of scatter
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Fig. 9. Predicted versus observed SOC scatterplots for o_plsd and PLSR models across varying calibration:validation splits (8:3 to 1:3) in both calibration and
validation sets.

plots in Fig. 9. The variation in input data size is evident from
density of points in calibration scatter plots while the variation
in validation plots is less evident visually. The density of points
at 8:3 split is highest on 1:1 line and is reduced slightly at 1:3
split (see Fig. 9). In NN method, the range of prediction values is
strictly limited by the cal set while in PLSR this is not the case.

Also the range of prediction values in val set is same as that
of the cal set in NN. By contrast, PLSR predictions can span a
much broader range and may even produce negative SOC values,
sometimes reaching as low as –20%. Such extreme values from
PLSR predictions should be used cautiously, particularly at low
or very high SOC concentrations [see Figs. 3(b) and (e), 9].
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