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Healthy soil is essential for sustainable agriculture, but traditional laboratory methods for assessing soil
quality have significant drawbacks. These methods often use harmful chemicals, require expensive equipment,
and take considerable time to complete. Chemometrics provides a practical solution by combining
mathematics, statistics, and computer science to interpret spectral data from soil samples. This review
explores how chemometrics can be used to assess soil health through various spectroscopic techniques
and predictive modelling approaches. Several spectral methods are examined, including visible near-infrared
(Vis-NIR), mid-infrared (MIR), Fourier Transform Infrared (FTIR), Attenuated Total Reflectance (ATR), Raman
spectroscopy, Laser Induced Breakdown Spectroscopy (LIBS), and Energy Dispersive X-Ray Fluorescence
(EDXRF). These techniques allow scientists to quickly analyse soil properties such as organic carbon,
nitrogen content, pH, cation exchange capacity, and micronutrients without destroying the sample. Before
building prediction models, spectral data must be cleaned using preprocessing steps like smoothing,
derivatives, and scatter corrections to remove unwanted noise. Among the statistical tools available, Partial
Least Square Regression (PLSR) is most commonly used for developing calibration models, though Random
Forest, Support Vector Machine Regression, and Cubist models also show promising results. Model accuracy
is evaluated using parameters such as R², RMSE, and RPD. The main benefits of chemometrics include
speed, low running costs, minimal sample preparation, and reduced environmental impact. However, challenges
remain, including soil variability, high initial setup costs, and difficulty in transferring models between
locations. Future work should aim to standardize methods and expand predictions to include soil biological
properties.
Key words: Spectroscopy, Partial Least Square Regression (PLSR), Soil health, Data preprocessing,
Regression, Machine learning.
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ABSTRACT

Introduction
Soil health refers to the ongoing ability of soil to serve

as a crucial living environment that supports plants,
animals, and humans. It establishes a link between
agricultural practices, soil science, policy-making,
stakeholder requirements, and sustainable supply-chain
management. While traditional soil assessments primarily
concentrate on crop yield, contemporary perspectives
recognize the broader implications of soil health,
encompassing its impact on water quality, climate change,
and human well-being. Despite an increasing awareness
of the significance of soil biodiversity, the assessment of
soil health continues to rely heavily on chemical indicators

due to lack of comprehensive functional understanding
and effective measurement methods (Lehmann et al.,
2020; Patra et al., 2015). Traditional laboratory techniques
involve the use of chemical reagents, which can be
environmentally unfriendly, necessitate sophisticated
equipment, and involve time-consuming and costly
protocols. Certain chemicals, such as chromate salts (e.g.,
potassium dichromate used in estimating soil organic
carbon), are carcinogenic. Consequently, there is a need
to adopt alternatives that eschew harmful chemical
reagents and swiftly predict soil properties through
spectral data analysis. Near-infrared (NIR) and mid-
infrared (MIR) spectroscopy are increasingly used in soil
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science for measuring various soil attributes mainly
related to chemical composition (e.g., various forms of
carbon, N, P, K contents, cation-exchange capacity (CEC)
and pH) but also to some extent, related to physical
parameters (e.g., texture, structure, porosity or bulk
density) (Rossel et al., 2006; Cecillon et al., 2009).
Various statistical tools like Partial Least Square
Regression (PLSR), random forest, etc., have hence been
found effective in developing models for the prediction
of soil properties (Bellon-Maurel et al. ,  2010).
Chemometrics is a scientific discipline between
measurement-oriented chemistry and applied statistics.
Analytical chemistry is the most significant discipline
where chemometrics plays an important role (Adams,
1990; Wilkins, 1990; Voncina, 2009).
Chemometrics

Chemometrics is the branch of analytical chemistry
that employs mathematical, statistical, and computer tools
to unveil concealed insights within chemical analyses
(Brereton, 2003). It represents a fusion of chemistry,
mathematics, statistics, and computer applications (Figure
1). The term “chemometrics” was introduced by the
Swedish scientist Svante Wold in 1971, serving as the
English equivalent of the Swedish word ‘kemometri,’
where ‘kemo’ refers to chemistry and ‘metri’ denotes
measure (Bystrzanowska and Tobiszewski, 2020).
Application areas

Chemometrics finds application in diverse domains
where chemical analyses are essential. It plays a role in
environmental monitoring, contributing to the analysis of
soil, water, and plant samples. Additionally, it is utilized in
the examination of various food items such as grains,

meat, fruits, dairy products, oils, honey, and wine. Beyond
that, chemometrics extends its utility to fields like
pharmaceutical analysis and forensic science also (Santos
et al., 2019).

NIR and MIR spectroscopies play a crucial role as
distinct analytical techniques widely employed for the
differentiation and validation of herbal medicines. When
integrated with chemometrics that involve pattern
recognition, the spectra obtained from NIR and MIR can
be processed to facilitate a more straightforward
interpretation, assisting in decisions related to practices
of adulteration. The amalgamation of NIR and MIR
spectra with chemometrics offers efficient and swift
methods for distinguishing and authenticating herbal
medicines (Rohman et al., 2019).

In the classification of Dendrobium officinale, a
tonic herb commonly used in traditional Chinese medicine,
Fourier Transform MIR (FT-MIR) with attenuated total
reflectance (ATR) has been applied. The variables for
constructing the classification model encompassed MIR
spectra within the wavenumbers of 4,000–550 cm-¹. The
Random Forest model exhibited the ability to differentiate
D. officinale across various harvesting periods, achieving
accuracy levels of 94.44% and 97.92% in the calibration
and validation sets, respectively (Wang et al., 2018).
Steps in chemometrics

Chemometrics involves utilizing chemical analytical
data alongside diverse machine learning tools, enabling
the prediction of soil properties from spectral data once

Fig. 2: Steps in chemometrics.Fig. 1: Disciplines involved in chemometrics.
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the tools are appropriately trained. The initial stages of
chemometrics closely resemble those of conventional
chemical analysis, commencing with the collection of soil
samples. These samples undergo analysis for soil
properties through traditional techniques following
necessary processing. Simultaneously, spectral data for
the same samples are acquired using various methods,
under controlled conditions of constant temperature in a
dark room after shade drying. This process results in the
creation of a soil library containing both spectral and soil
property data. Of the total samples collected, 70 percent
are designated as the calibration set, while the remaining
30 percent forms the validation set. The calibration set
data is employed to train models, and the validation set is
instrumental in evaluating the accuracy and predictive
performance of the model (Barra et al., 2021).
Collection of soil samples

A necessary quantity of soil samples is collected and
subjected to processing for both chemical analysis and
the acquisition of spectral data.
Soil chemical analysis

The processed soil samples are analysed for various
soil properties by routine chemical analytical techniques.
Spectral data acquisition

The spectral data of the soil is recorded through
various techniques, predominantly spectroscopic methods
operating across different ranges of electromagnetic
radiation.
Infrared (IR) spectroscopy

IR spectroscopy is a method that examines molecular
vibrations, relying on the principle of simple harmonic
oscillation. For instance, the shared bonds between two
atoms form a system of simple harmonic oscillators.
These bonds exhibit resonant characteristics determined
by the “spring” constant describing the force between
them and the atomic weight at each bond’s end.
Consequently, the oscillation of a specific chemical bond
aligns with a distinct frequency and energy intensity. The
frequencies of oscillation between bonds correspond to
particular wavenumbers (cm-¹), exhibiting a positive
correlation. The incident radiation is directed onto a
sample at similar vibrational frequencies shared between
the bonds. Some of this radiation becomes absorbed, while
others are reflected. A spectrophotometer records the
reflectance, creating a reflectance spectrum that displays
the energy magnitude captured as a function of
wavelength. Identification of a molecule is possible by
comparing its absorption peak to a database of spectra
(Ferrari et al., 2004; Burton et al., 2020). Compared to

conventional laboratory methods, visible–near-infrared
reflectance (vis–NIR) spectroscopy is a more practical
and cost-effective approach for estimating soil physical
and chemical properties (Liu et al., 2020).

The diffuse reflectance spectra of soil samples in
the visible near infrared (VNIR) and the mid-infrared
(MIR) wavelength ranges and PLSR was used to develop
prediction models for soil organic carbon. On comparison
using the coefficient of determination (R²), ratio of
performance to deviation (RPD) and the root mean square
error (RMSE), VNIR spectra offer better accuracy with
an R² = 0.90, RPD = 3.12 and RMSE = 0.07 compared
to the MIR spectra with an R² = 0.85, RPD = 3.09 and
RMSE = 0.08 (Olatunde, 2021).
Fourier Transform Infrared (FTIR) spectroscopy

A technique for simultaneously measuring all infrared
frequencies, as opposed to individually, was developed
using a straightforward optical device known as an
interferometer. This device generates a distinctive signal
incorporating all infrared frequencies.

Interferometers utilize a beam splitter that takes the
incoming infrared beam and splits it into two optical beams.
One beam reflects off a stationary flat mirror, while the
other beam reflects off another mirror that typically moves
a few millimeters away from the beam splitter. The two
reflected beams are then recombined when they converge
back at the beam splitter, resulting in a signal known as
an interferogram. This allows for the simultaneous
measurement of all frequencies. To obtain the frequency
spectrum necessary for sample identification, the
interferogram is decoded using a mathematical technique
called Fourier transformation, which is performed by
computers (Ismail et al., 1997).

The Fourier Transform (FT) is a mathematical
operation that converts a function into a representation
describing the frequencies present in the original function.
The output of this transform is a complex-valued function
of frequency. The term “Fourier transform” encompasses
both this complex-valued function and the mathematical
operation itself (Sawant et al., 2011).

Diffuse Reflectance Infrared Fourier Transform
(DRIFT) spectroscopy – PLSR calibration model was
found acceptable with coefficient of determination (R²)
of 0.49 and RPD of 1.4 (Filep et al., 2016).
Attenuated total reflectance (ATR) spectroscopy

ATR spectroscopy is based on the same principles
of infrared energy absorption by particles and molecular
bonds. However, rather than exposing samples to infrared
spectrums and capturing diffuse reflectance, this technique



involves directing incident IR energy directly onto a crystal
in direct contact with the sample. Typically composed of
materials like diamond, zinc selenide, germanium, or
thallium iodide, the selection of an appropriate ATR crystal
requires consideration of factors such as refractive index,
spectral range, and the physical and chemical properties
of the sample. When incident radiation strikes the crystal,
an evanescent field forms between the crystal and the
sample due to the reflected incident energy. Subsequently,
the energy exits the ATR crystal and travels towards a
spectrometer, generating a spectrum for the sample. ATR
in the 2,500–50,000 nm spectrum was used to distinguish
nitrate in various soil pastes. Although ATR minimizes
the need for extensive sample preparation in soil nutrient
detection, challenges persist in mitigating interferences
from soil moisture and existing minerals (Jahn et al.,
2006). Additionally, ATR instrumentation is costly and
fragile, making it impractical for field use (Alkhuder, 2022;
Burton et al., 2020).

Raman spectroscopy
Raman spectroscopy is a technique that involves

observing changes in the wavelength and intensity of
scattered light as it interacts with a sample. The incident
light energy is absorbed and then re-emitted from the
sample at distinct frequencies, known as the Raman
scatter or Raman effect. The resulting Raman spectrum
serves as a unique identifier for a sample, providing
valuable information about its chemical structure, identity,
polymorphism, intrinsic strain, and potential contamination
(Burton et al., 2020).
Laser Induced Breakdown Spectroscopy (LIBS)

A high-energy laser pulse serves as the energy
source, inducing the ablation of atoms from the sample
surface and leading to the formation of a transient, high-
temperature plasma. Plasma temperatures generally
exceed 10,000 K, providing sufficient energy to excite
electrons in outer orbitals. During the cooling phase of

Table 1: Soil properties predicted using Vis-NIR and chemometrics.

Technique Predicted soil properties References

Vis-NIR

P, K, Ca, Mg, Al, soil organic carbon (SOC), CEC Marmette et al., (2018)
Clay, sand, silt, CaCO3 , CEC, SOC, pH Gomez et al., (2012)
Bulk density Katuwal et al., (2019)
Soil organic nitrogen Sithole et al., (2018)
Hot water extractable carbon Vohland and Emmerling (2011)
TC McDowell et al., (2012)
pH, CEC, Sand, Clay, Silt, TC, TN, K, P, S, Fe, Cu, Mn, Zn Clingensmith et al., (2019)
SOC, pH Vohland et al., (2014)
CEC, SOC, pH, exch. Ca Araujo et al., (2015)
TC, SOC Knox et al., (2015)

NIR

Total carbon (TC) and total nitrogen (TN) Barthes et al., (2019)
Mineralizable N Russel et al., (2002)
Clay, silt, sand, pH, TC, P, Ca, Mg, K, Al, CEC Vendrame et al., (2012)
Exchangeable Na Cozzolino (2010)
SOC, Nitrate Freschet et al., (2011)
K, S Cozzolino et al., (2013)
SOC, pH, As, Cu, Zn, Pb, Cr Dong et al., (2011)
SOC, TN Xie et al., (2011)
Avail. N, P, K Shao and He (2011)
TC Arachchi et al., (2016)
SOC, TC Sharififar et al., (2019)

MIR

pH, CEC, SOC, Ca, Mg, TN, TP, Fe, Cu, K, Na Ji et al., (2016)
SOC, CEC, pH, TN, Sand, Silt, Clay Sanderman et al., (2020)
SOC, TN, Sand, Silt, Clay Ludwig et al., (2019)
pH, SOC, TC, TN, clay, silt, sand, P, K, CEC, S Wijewardane et al., (2018)
TC, SOC, TN, pH, sand, clay, silt Sepahvand et al., (2019)

LIBS
TC, SOC Bricklemyer et al., (2018)
SOC Xu et al., (2019)

EDXRF K, Fe Buchele et al., (2019)
FTMIR-ATR pH (H2O, KCl), CaCO3 , SOC, CEC, Sand, Silt, Clay Dunne et al., (2020)
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the plasma, the excited electrons transition to lower-energy
orbitals, releasing photons with wavelengths inversely
proportional to the energy difference between the excited
and base orbitals. Due to the numerous possible excited
states, each element exhibits multiple emitted wavelengths
(Senesi and Senesi, 2016). Various types of lasers can
be employed for Laser-Induced Breakdown
Spectroscopy (LIBS), with the crucial factor for
successful readings being the laser’s spot size on the
material, typically on the order of micrometers.

Immediately following the laser pulse, the light
received by the spectrometer appears white, given the
small and extremely hot nature of the plasma bubble.
The plasma conditions break down the majority of
chemical bonds, leaving the constituent elements as free
atoms, often in an ionized state. As the plasma expands
and cools, ions and atoms relax from their excited states,
emitting the useful spectral lines (Musazzi and Pereni,
2014).

The accuracy of single pulse and double pulse LIBS
with PLSR modelling in predicting various soil properties
was compared and it showed better accuracy and
reliability with double pulse than those of single-pulse
signals when measured in terms of R² and RMSE. More
than 93% prediction accuracy was observed with models
trained using double pulse LIBS (He et al., 2018).
Energy Dispersed X-Ray Fluorescence (EDXRF)

X-ray fluorescence (XRF) spectrometry is a
contemporary approach to elemental analysis, extensively
utilized in various disciplines such as forensic science,
archaeology, geochemistry, and other related fields. Direct
excitation involves exciting atoms in a specimen using
primary photons from external sources like an X-ray tube,
radioactive source, or synchrotron beam to generate
primary fluorescence. On the other hand, indirect
excitation results in observed fluorescence as a secondary
process caused by photons or particles (electrons)
originating from direct excitation or other secondary
processes within the specimen. X-rays, electromagnetic
radiation generated by high-energy particles bombarding
atoms, exhibit wave-particle duality. X-ray fluorescence
(XRF) spectrometry utilizes primary X-ray photons or
microscopic particles to excite atoms in the tested
material, generating secondary XRF for material
composition analysis and chemical state research (Marguí
et al., 2022).

In EDXRF spectrometers, all elements in the sample
are simultaneously excited, and an energy dispersive
detector, combined with a multi-channel analyzer, is
employed to collect fluorescence radiation emitted from

the sample. This process separates different energies of
characteristic radiation from each element in the sample.
The resolution of EDXRF systems depends on the
detector and typically ranges from 150 eV to 600 eV.
Key advantages of EDXRF systems include simplicity,
rapid operation, the absence of moving parts, and high
source efficiency (Chen et al., 2008).

A multivariate PLSR model trained and validated for
total K and Fe in soil showed a higher R² for both K and
Fe (0.98 and 0.90 respectively) and lower error value
(RMSE = 0.17), which indicated that EDXRF can be
effectively used along with PLSR modelling for accurate
prediction of soil properties (Buchele et al., 2019).
Data pre-processing

Many chemometric methods primarily focus on the
diversity and extent of variation within the data. This
preference is based on a simple principle: variables with
the same values across all samples don’t provide
substantial learning value. However, large datasets also
include variation unrelated to the specific problem under
investigation. It is ideal to remove this irrelevant variation
from the data to avoid interference with data analysis
methods. This process is commonly known as data
preprocessing (Gerretzon, 2023). The spectral data
acquired may exhibit various artifacts such as outliers,
missing data, noise, baseline effects, light scattering,
temporal and spatial misalignment, multiplicative effects,
and peak shifts. To eliminate or diminish these undesired
artifacts from the spectra, various pre-processing
techniques are employed. Data pre-processing involves
transforming raw data into a format that can be
comprehended and analyzed by computers (Mishra et
al., 2021).
Noise

Noisy data refers to data containing a substantial
amount of additional meaningless information known as
noise. This encompasses data corruption, often used
synonymously with corrupt data, and any data that a user
system cannot understand and interpret accurately.
Unstructured text, for instance, may be challenging for
many systems to utilize. Improper handling of noisy data
can adversely impact the outcomes of data analysis and
distort conclusions. Statistical analysis is sometimes
employed to filter noise from noisy data (Gupta and Gupta,
2019).
Outliers

An outlier is an observation that significantly deviates
from the other values within a random sample taken from
a population. The definition of what is considered abnormal
is typically determined by the analyst or through a
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consensus process. It is essential to first characterize
normal observations before identifying abnormal ones
(Zhang, 2013).
Missing data

Missing data, also known as missing values, pertains
to data that is not recorded for a variable in the observed
data set. The challenge of dealing with missing data is
pervasive across various research studies and can have
a substantial impact on the conclusions drawn from the
data analysis (Rawal et al., 2017).
Baseline effect

The baseline effect denotes the number of counts
generated by the detector when there is no light. As
various sources of noise are invariably present, achieving
zero counts is impossible. The primary components of
baseline offset include electronic offset, dark current, and
readout noise. The primary pre-processing technique of
utmost importance is the Savitzky-Golay derivation, which
serves to diminish high-frequency noise in a signal. In
this method, each variable within a sample undergoes
subtraction from its immediate neighbouring variable to
yield a first derivative. This process is iteratively repeated
to obtain a second derivative, resulting in a more precise
spectrum (Mishra et al., 2020).
Model calibration

Subsequently, the pre-processed data is subjected to
analysis by machine learning tools, facilitating the training
of models to predict soil properties from spectra that have
not been previously encountered.
Machine learning

Machine learning, a subset of artificial intelligence,
entails endowing machines with the capability to emulate
intelligent human behaviour. In the context of soil
diagnosis, machine learning serves as a replacement for
a chemical analyst, predicting soil properties (Carleo et
al., 2019).
Types of machine learning

Machine learning can be categorized into supervised,
unsupervised, and reinforced learning. Supervised learning
necessitates labeled data for training, involving

instructional-based processes that require supervision.
Unsupervised learning identifies concealed data patterns
from unlabeled datasets, while reinforcement learning
does not rely on predefined data; instead, it learns through
interaction with the environment. The primary goal of
reinforcement learning is for the agent to acquire an
optimal or nearly-optimal policy that maximizes the
“reward function” or another user-provided
reinforcement signal accumulated from immediate
rewards (Ayodele, 2010).
Statistical tools used in chemometric modeling

Partial Least Square Regression (PLSR)
Partial Least Square (PLS) analysis stands out as a

preferred tool in chemometrics for constructing calibration
models. Introduced by Herman Wold, the PLS technique
not only captures the maximum variation associated with
predictor variables (i.e., spectra) and predicted variables
(i.e., concentration) but also maximizes the correlation
between them. This technique aids in regressing predictor
variables (x, the spectra) against predicted variables (y,
soil properties/concentration). An advantageous aspect
of the PLSR algorithm is its equal emphasis on both
predictors and predicted variables (Kumar, 2021).

The soil reflectance decreases with increasing organic
matter content. Knox et al., (2015) observed that the
wavelengths centered at approximately 400, 450, 510,
550, 700, 870, and 1000 nm indicate the presence of ferrous
and ferric iron oxides, attributed to electronic transitions
of iron cations in addition to soil components.

Physical soil properties, such as particle size
distribution and aggregate size and density, also influence
the reflectance intensity and shape of soil spectra through
the phenomena of light scattering and reflection (Bellon-
Maurel and McBratney, 2011; Conforti et al., 2015).

The soil reflectance exhibited relatively high values
for loamy sand soils due to the abundance of quartz in
the sand fraction. However, reflectance decreased with
an increase in clay content dominated by phyllosilicates,
resulting in an increase in soil organic carbon (SOC)
concentration (Conforti et al., 2015).

Table 2: Various pre-processing techniques.

Method Objective Reference
Smoothing Removes high frequency noise from the sample
Wavelet transform
Derivatives Reduce the drift of baseline
Normalization Minimize the errors presented due to sample preparation Mishra et al., (2020)
Standard normal variate (SNV) Eliminate the effect of uncontrolled variations
Multiplicative scatter corrections (MSC) Mitigate problems arising from scattered light
Savitzky-Golay derivative Reduce high frequency noise in a signal
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The prediction models for micronutrients (Zn, Mn,
Cu and Fe) and heavy metals (Cd, Pb, Ni and Cr) were
developed using PLSR and showed the highest prediction
accuracy was observed for Cu (94%), while the lowest
was for Cd (26%). The model exhibited excellent
predictions for Cu, Pb, Mn, Zn, and Ni, acceptable
predictions for Fe and Cr, but poor prediction for Cd.
The accuracy of the model’s prediction was quantified
using the R² value and followed the order Cu > Pb > Mn
= Zn > Ni > Fe > Cr > Cd (Krzebietke et al., 2023).

The PLSR models developed for the prediction of
heavy metals in soils of orthic-anthrosols showed a
prediction accuracy in the order Hg > Cr > Ni > Pb > Cu
> As > Cd (Liu et al., 2020).

The usefulness of PLSR with either PLSR combined
with a genetic algorithm (GA-PLSR) or support vector
machine regression (SVMR) was compared for an
estimation of soil organic carbon (SOC), total nitrogen
(N), pH, cation exchange capacity (CEC) and soil texture
for surface soils. The order of estimation accuracies for
the random validation sample was SVMR > GA-PLSR
> PLSR for SOC, N, pH, and CEC, whereas for clay the
order changed to SVMR > PLSR > GA-PLSR (Ludwig
et al., 2018).

The model constructed based on the PLSR machine
learning method and vis-NIR (350-2500 nm) spectral data
has a good predictive power (R² > 0.9, ratio of
performance to deviation (RPD) > 3.0). For physical and
chemical properties, the bulk density (BD, R² = 0.97,
RPD = 5.90), soil organic matter (SOM, R² = 0.98, RPD
= 8.56), pH (R² = 0.95, RPD = 4.40), and TN (R² = 0.98,
RPD = 6.67) were predicted (Liu et al., 2020).

Cubist Regression Model (CRM)
Cubist is a rule-based model extending Quinlan’s M5

model tree. The tree grows, with terminal leaves
containing linear regression models based on predictors
used in prior splits. Intermediate linear models exist at
each step, and predictions are made using the linear
regression model at the terminal node. This prediction is
“smoothed” by considering the linear model’s prediction
in the previous node, occurring recursively up the tree.
The tree is eventually transformed into a set of rules
through pruning and/or combination for simplification
(Kuhn et al., 2012).

Random Forest (RF)
Random Forest Regression, a supervised learning

algorithm, employs an ensemble learning method for
regression. Ensemble learning combines predictions from
multiple machine learning algorithms to enhance accuracy
compared to a single model (Liu et al., 2012).

Support Vector Machine Regression (SVMR)
Support Vector Machines, supervised learning models

with associated learning algorithms, are utilized for data
analysis in classification and regression. In Support Vector
Regression, the hyperplane is employed to fit the data
and predict discrete values (Brereton and Lloyd, 2010).

The prediction accuracy of three chemometric
regression techniques (PLSR, RF and SVMR) was
compared to identify the most suitable model for predicting
various soil properties. Among the different models,
PLSR-based predictive models outperformed the other
two regression techniques for all soil properties, except
for EC (Hati et al., 2022).

Multiple Linear Regression (MLR)
Multiple Linear Regression is a statistical technique

utilizing several explanatory variables to predict the
outcome of a response variable. The primary objective
of multiple linear regression is to model the linear
relationship between explanatory (independent) variables
and response (dependent) variables (Pentos et al., 2022).

Validation of the model
The validation of the trained model is conducted to

assess prediction accuracy, employing four parameters
(Coblinski et al., 2020).

Coefficient of determination
The coefficient of determination, denoted as R², is a

statistical measure evaluating a model’s capability to
predict or explain outcomes in a linear regression context.
Specifically, R² indicates the proportion of variance in
the dependent variable (Y) predicted or explained by linear
regression and the predictor variable (X, also known as
the independent variable). A higher R² value suggests a
better fit for the model to the data. Interpretation of fit
varies contextually, with an R² of 0.35 signifying 35 percent
of the variation in the outcome being explained by the
model. Excellent prediction is indicated if R² is greater
than 0.80, acceptable if in the range of 0.60-0.80, and
poor if less than 0.60 (Cozzolino and Moron, 2006).

Root mean square error (RMSE)
The root-mean-square error (RMSE) serves as a

commonly used measure for assessing differences
between values predicted by a model and observed
values. Representing the square root of the second sample
moment of the differences, RMSE aggregates the
magnitudes of errors in predictions across various data
points into a single measure of predictive power. Lower
RMSE values are generally preferred, as they indicate
higher accuracy. RMSE is scale-dependent and compares
forecasting errors within a specific dataset rather than
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between datasets (Chai and Draxler, 2014).
Ratio of performance to inter-quartile (RPIQ)
It is defined as the interquartile range of observed

values divided by the Root Mean Square Error (RMSE),
RPIQ considers both prediction error and the variation
of observed values. This metric provides an objective
measure of model validity, facilitating comparison across
different model validation studies. A higher RPIQ signifies
better predictive capacity, with values above 2.0 indicating
excellent prediction accuracy, 1.4-2.0 considered
reasonable, and values below 1.4 indicating poor prediction
accuracy (Nawar and Mouazen, 2017).

Ratio of Performance to Deviation (RPD)
RPD is the ratio between the standard deviation of a

variable and the standard error of prediction of that
variable by a given model.

Advantages of chemometrics in soil analysis
• Rapid
• Environment friendly
• Cost-effective once established
• Multi analytical technique
• Non destructive
• Requires minimum or no sample preparation
Disadvantages of chemometrics in soil analysis
• Dynamic nature of soil
• Lack of technology and instrumentation
• High initial establishment and maintenance cost
• Chances of field level variation high (due to

changes in temperature, sunlight and moisture)
• Difficulty in model transfer

Conclusion
Chemometrics is an effective alternative to routine

analytical techniques which are time consuming, costly
and which uses harmful chemical reagents. However,
further research is required to standardize the working
methods and to make its efficient use in predicting soil
biological properties also, so that it will be an effective
tool for soil health assessment.
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