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ABSTRACT
Chemometric models play a critical role in the spectroscopic analysis of food, particularly with near-infrared spectroscopy 
(NIRS), enabling the accurate prediction and monitoring of physicochemical properties. Although chemometric methods have 
proven to be useful tools in NIRS analysis, their reliability depends on rigorous validation to ensure the rigour of their predic-
tions and their applicability. This systematic review examines validation strategies applied to regression models in NIRS-based 
food analysis, emphasising the use of cross-validation, external validation and figures of merit (FoM) as key evaluation tools. 
This comprehensive literature search identified trends in validation methodologies, highlighting frequent reliance on partial 
least squares (PLS) regression and common flaws in validation methodologies and their reporting. While external validation is 
considered the best approach, many studies lack it and employ cross-validation methods solely, which may lead to overoptimistic 
model performance estimates. Furthermore, inconsistencies in the selection and definition of FoM hinder direct comparison 
across studies. This review underscores the need for increased methodological transparency and rigour in the validation of 
chemometric models to enhance their reliability.

1   |   Introduction

Chemometric models have become indispensable tools in mod-
ern analytical chemistry, enabling the extraction and trans-
formation of complex datasets into meaningful information 
generated by advanced spectroscopic techniques [1]. In the 
field of food analysis, these models are widely used to predict 
key physicochemical properties, monitor quality and ensure 
compliance with safety regulations [2]. Among the various 
chemometric approaches, regression models are particularly 
prominent for their ability to establish quantitative relation-
ships between spectral data and reference measurements [3]. 

These models have found extensive application in conjunc-
tion with near-infrared (NIR) spectroscopy, a technique com-
monly used in food science for its rapid, nondestructive nature 
and its ability to simultaneously analyse multiple components. 
The integration of near-infrared spectroscopy (NIRS) with 
chemometric models has led to significant advancements in 
quality control and process monitoring. This development has 
firmly established NIRS as a fundamental component of food 
analysis [4, 5].

NIRS relies on the absorption of light in the NIR region, cap-
turing overtones and combinations of fundamental vibrational 
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modes of molecular bonds. This spectral data is inherently 
multivariate, containing a wealth of information about the 
molecular composition of food samples. However, the com-
plexity and high dimensionality of NIR spectra require the use 
of chemometric techniques to extract relevant information. 
Regression models are particularly valuable in this context, as 
they enable the quantitative determination of important food 
attributes, such as moisture, protein, fat and contaminant con-
centrations [6].

The rigour of chemometric regression models, however, is sub-
ject to rigorous validation. Validation is the process of assess-
ing the ability of a model to perform robustly on new, unseen 
data, thereby ensuring its generalisability and predictive ability 
beyond the calibration dataset  [7]. This is highly important in 
food analysis, where model predictions directly influence deci-
sions related to production quality, regulatory compliance and 
consumer safety. Insufficient validation of models can lead to 
overfitting the calibration data, resulting in performance esti-
mates that are excessively optimistic when applied to real-world 
conditions. Such failures can have significant implications, in-
cluding economic losses, product recalls and compromised food 
safety [8].

In the context of NIRS and regression modelling, validation 
must account for the challenges posed by spectral data. NIR 
spectra are often characterised by high collinearity among 
variables, variability due to sample heterogeneity and noise 
introduced by instrumentation or environmental conditions 
[6]. Consequently, robust validation strategies are essential to 
ensure the reliability and applicability of chemometric models. 
External validation, in which an independent dataset is used to 
assess model performance and generalisability, is considered 
the gold standard. However, due to practical constraints, such 
as limited data availability, internal validation techniques like 
cross-validation (CV), which partition the calibration set into 
training and testing subsets, are often necessary for model hy-
perparameter optimisation, like the data preprocessing method 
or model dimensionality [9]. Moreover, the assessment of these 
analytical methods is based on the use of quantitative figures of 
merit (FoM), key performance indicators that provide insights 
into the predictive accuracy, robustness and practical applica-
bility of the model. These metrics allow researchers to system-
atically evaluate different validation approaches, refine their 
models and enhance their reliability for real-world applications 
in food analysis [10].

Overall, this systematic review is focused on studying the val-
idation of chemometric regression models applied to NIRS in 
food analysis that can be found in the literature. The growing 
reliance on these models underscores the need for rigorous 
and scientifically sound validation practices. By examining 
current methodologies, highlighting best practices and under-
scoring less effective ones, this review is aimed at contributing 
to the advancement of rigorous chemometric validation meth-
odologies. Robust validation is an essential methodological 
step in ensuring that analytical methods based on spectros-
copy and chemometrics achieve their full potential in improv-
ing the quality, safety and efficiency of food production and 
analysis.

2   |   Theoretical Background

2.1   |   Multivariate Regression Models

Multivariate regression models are a class of statistical tech-
niques used to analyse and predict relationships between mul-
tiple independent variables (X) and one or more dependent 
variables (y) [3]. The most common methods to do so are the 
linear models; these models extend simple linear regression by 
considering multiple predictors, enabling the simultaneous eval-
uation of their effects on the response variable. In their basic 
form, linear models assume that the relationship between the 
predictors and the response is linear and can be expressed math-
ematically with Equation (1):

where β is the vector of regression coefficients and ε accounts for 
residuals. In the extensions of the univariate least squares lin-
ear regression such as multivariate or multiple linear regression 
(MLR), principal component regression (PCR) and partial least 
squares (PLS), the coefficients are estimated by minimising the 
residual sum of squares. This provides the best linear unbiased 
estimates, meaning that under the assumptions of normality, 
homoscedasticity and independence of errors, the estimated co-
efficients have the lowest variance among all linear estimators 
and, on average, equal the true parameter values without sys-
tematic over- or underestimation. These models are commonly 
used across various fields due to their flexibility in handling 
complex data and their interpretability in identifying the contri-
bution of each predictor [5, 11].

In addition to linear models, more complex but flexible tech-
niques have been developed to address limitations such as non-
linearity. These approaches can be broadly categorised based 
on their methodology. Kernel-based methods, such as support 
vector machines (SVMs) [ 12] and kernel partial least squares 
(KPLS) [13], map data into higher dimensional spaces using 
kernel functions to potentially capture nonlinear relationships. 
Other nonlinear approximation methods, including artificial 
neural networks (ANNs) [14], model complex dependencies 
through the use of one or more layers of nodes, also called neu-
rons. In particular, extreme learning machines (ELMs) use one 
randomly weighted layer of neurons and calibrate the weights of 
the output nodes [15]. In somewhat a similar way, nonparamet-
ric ensemble learning techniques, such as random forests (RFs) 
and gradient boosting, capture nonlinearities and variable inter-
actions by aggregating predictions from multiple decision trees 
[16]. In contrast, compositional data analysis (CoDa) is tailored 
for datasets with variables as proportions, common in food and 
environmental sciences, using transformations to handle their 
constrained nature [17]. These methods form a comprehensive 
chemometric toolkit, enabling the modelling of more complex 
systems beyond the scope of purely linear approaches.

Unlike univariate approaches, multivariate regression models 
can capture the combined effects of multiple predictors, making 
them particularly useful for systems with complex interactions 
such as in spectroscopy. However, the effectiveness of these 
models depends on their ability to account for multicollinearity, 

(1)y = X� + �
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reduce dimensionality where necessary and ensure predictive 
robustness through rigorous validation [18].

2.2   |   External Validation

External validation is the process of evaluating a predictive 
model using an independent dataset that has not been involved 
in model development or calibration. External validation sets 
are a fundamental component of rigorous model evaluation in 
chemometrics, providing an independent and unbiased measure 
of the generalisation ability and performance of a model. By util-
ising a dataset entirely separate from the calibration process, 
external validation ensures that the assessment of model perfor-
mance reflects its capacity to predict unseen data under realistic 
conditions. In domains such as spectroscopy and food analysis, 
where models often encounter complex and variable sample ma-
trices, external validation serves as a gold standard for evaluat-
ing predictive performance, identifying overfitting and overall 
validating the reliability of chemometric models [9]. The selec-
tion of the external validation strategy could be performed by 
different methodologies, discussed in the following subsections, 
taking into account that they differ in how the validation set is 
selected, as illustrated in Figure 1.

2.2.1   |   Independent Set

Using an independent dataset for validation represents the most 
rigorous approach to validating a model. Unlike data splitting or 
internal validation methods, an independent validation dataset 
is created separately from the data used for model training and 
optimisation, with truly unseen samples covering the intended 
domain for the proposed model. This ensures that the evaluation 
process reflects the ability of the model to adapt to the domain 
of work, free from any biases or overfitting introduced during 
calibration, including the data preprocessing and selection of 
hyperparameters. This approach provides a more objective mea-
sure of its predictive capability and practical utility, making it a 
recommended practice in chemometric model development [9].

2.2.2   |   Random Splitting

When the availability of an independent validation set is lim-
ited or infeasible, splitting the calibration set into training and 
validation subsets becomes a practical alternative for assessing 
model performance. In this approach, the calibration data is di-
vided into two parts: one subset is used to train the model, while 
the other is reserved for validating the model, in a proportion 
selected by the analyst. While not as rigorous as using a fully 
independent validation set, splitting the calibration set provides 
a mechanism to approximate external validation, especially in 
scenarios with limited data. However, it must be ensured that 
the used validation set is representative of the intended domain 
of work for the model in terms of variability [7, 9].

Random splitting is a straightforward method for partitioning a 
dataset into calibration and validation subsets by assigning sam-
ples randomly to each group. This approach is widely used due 
to its simplicity and computational efficiency, as it requires no 

FIGURE 1    |    Illustrative example of how a dataset would be split into 
calibration and validation subsets using different algorithms. Axes rep-
resent randomly generated Variable 1 versus Variable 2, which are nor-
mally distributed. For SPXY, a linear combination of variables in X and 
normally distributed random noise was used as the reference value (y).
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complex algorithms or additional assumptions. However, it has 
notable limitations, particularly when applied to small or imbal-
anced datasets. Random splitting does not ensure that the subsets 
are representative of the overall data distribution, which may re-
sult in calibration or validation sets that lack critical variability 
or fail to cover the entire feature space. Consequently, this can 
lead to biased or unreliable estimates of model performance, for 
instance when replicates or somehow related samples are present 
in the dataset [9, 19]. While random splitting may be suitable for 
large datasets with balanced, independent and diverse samples, 
care must be taken to ensure that the subsets accurately reflect 
the variability present in the full dataset, often needing additional 
strategies such as stratification to address potential biases [20, 21].

2.2.3   |   Kennard–Stone Algorithm

The Kennard–Stone algorithm is a systematic method for selecting 
representative subsets from a dataset to ensure uniform coverage 
of the input variable space. Initially, it identifies two samples that 
are the farthest apart in the variable space to maximise diversity. 
Subsequently, it iteratively selects samples that are farthest from 
those already chosen, ensuring each new sample adds maximum 
information about unexplored regions, which maximises the vari-
ability of the dataset [22]. This splitting can be done using Euclidean 
distances or using Mahalanobis distances, this is, variance-scaled 
distances, for a better representation of the space [23].

2.2.4   |   SPXY Algorithm

The SPXY (sample set partitioning based on joint X–y distances) 
algorithm is an enhancement of the Kennard–Stone method. 
Unlike Kennard–Stone, SPXY incorporates variability in both 
the predictor (X) and response (y) spaces. By normalising and 
combining the distances in X and y, SPXY ensures that cali-
bration and validation subsets are not only representative of 
the predictor space but also account for the diversity in the re-
sponse values. This joint consideration improves the robustness 
and predictive ability of models by preventing extrapolation 
and better aligning the sample selection with the variability of 
the predicted feature. As a result, SPXY is valuable in applica-
tions where the feature to be predicted is not related to the main 
sources of variance in the analytical signal, which often occurs 
when food is analysed by NIRS [24].

2.2.5   |   Onion Algorithm

The Onion algorithm is a method for splitting a dataset into 
calibration and validation sets based on their distance from 
the centre of the dataset in the feature space. The algorithm 
arranges samples in concentric layers of an ‘onion’, with each 
layer being included either in the calibration or validation set, 
alternately. Typically, the outermost samples, which represent 
the extremes of the data distribution, are selected for the cali-
bration set, ensuring that the calibration set includes the most 
diverse and extreme samples, thus capturing the variability in 
the feature space. Onion splitting minimises the risk of extrap-
olation during validation by ensuring that the validation set lies 
within the space covered by the calibration set. This method is 

especially relevant in multivariate analysis, where uniform cov-
erage of the data space is important for building robust and gen-
eralisable models [25].

2.2.6   |   Structured or Custom Splitting

When the dataset is ruled by sample groups based on hierarchi-
cal structures, such as replicates, batch effects or sampling sites, 
structured splitting can ensure that the subsets used for calibra-
tion and validation maintain the inherent relationships within 
the data. Unlike random splitting, which can arbitrarily divide 
related samples, structured splitting ensures that entire groups 
of related samples are either included or excluded together in 
each subset. This approach preserves the integrity of the vari-
ability of the dataset and prevents information leakage, which 
could lead to overoptimistic model performance estimates [9].

Even when such structures are not present, the analyst can de-
cide to purposely include or exclude certain samples from the 
validation set using other criteria, such as preserving the range 
or distribution of reference values and using particularly inter-
esting samples or measurements. This creates a custom valida-
tion subset with the desired properties.

2.2.7   |   Other Splitting Methods

More dataset splitting methods have also been proposed in the 
literature, for instance, variations and extensions of the SPXY 
algorithm, such as the weighted SPXY [26] or the kernel-based 
SPXY [27]. Also, other methods based on quantifying the rele-
vance of each sample for building the model included one based 
on D-optimal [28] design of experiments, another one based on 
the combined analytical signal [29] or another based on multi-
variate leverage (LVG) [30]. Other methods propose data split-
ting based on sample dissimilarity, such as the OptiSim method 
[31], and, for instance, the SPlit algorithm  [32], which tries to 
find the worst-case scenario for validation based on nearest 
neighbours. Each of them offers its advantages and tries to offer 
a new focus on the external validation of chemometric models.

2.3   |   CV or Resampling Strategies

Validation strategies based on partitioning the calibration data-
set are often used for optimising the hyperparameters of the 
model and estimating its robustness, even though a separate 
dataset could also be used. CV strategies involve systematically 
partitioning the calibration dataset into complementary subsets: 
all but one subset are used to train the model, and the remain-
ing subset is used to test it. This process is repeated until all 
samples have been predicted to obtain estimates of predictive 
performance. Resampling methods, on the other hand, generate 
multiple new datasets by randomly sampling (with or without 
replacement) from the original data. These new datasets are 
used to repeatedly refit the model and assess variability in model 
parameters and performance metrics. While resampling meth-
ods do not always directly provide predictive performance esti-
mates in the same way CV does, they are valuable for estimating 
uncertainty and stability of model parameters, sometimes 
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establishing confidence intervals. The choice of which method 
to use depends on dataset size, complexity and the presence of 
grouped or related samples [9]. Each methodology is presented 
in the following subsections and illustrated in Figure 2.

2.3.1   |   Leave-One-Out Cross-Validation (LOO-CV)

In LOO-CV or full CV, the dataset is split such that each sample is 
used once as a validation set while the remaining samples are used 
to train the model. This process is repeated for every sample in the 
dataset, resulting in as many iterations as there are samples, which 
makes this algorithm computationally intensive. This CV method 
is useful for evaluating the effect of individual samples; however, 
it tends to be overly optimistic for evaluating model performance, 
particularly in datasets where samples with high correlation 
among them are present, such as those found in food NIRS [9].

2.3.2   |   Leave-One-Group-Out Cross-Validation 
(LOGO-CV)

LOGO-CV, leave-one-patient-out cross-validation (LOPO-CV), 
custom subsets or contiguous blocks CV is a variation of CV 
designed for datasets with grouped or hierarchical structures, 
where samples are organised into distinct groups based on 
shared characteristics, such as replicates, batches or sampling 
sites. In LOGO-CV, entire groups are left out as the validation 
set during each iteration, while the remaining groups are used 
to train the model. This approach ensures that the validation set 
is independent of the training data and preserves the inherent 
relationships within groups, making it particularly suitable for 
evaluating intersample variability in datasets with nested or hi-
erarchical variability [9].

2.3.3   |   Venetian Blinds CV

Venetian blinds CV is a method of partitioning data for model 
validation by splitting the dataset into evenly spaced, non-
overlapping subsets, resembling the alternating pattern of a 
venetian blind. Each subset or fold is used as the validation 
set once, while the remaining subsets are used for training the 
model. This approach ensures that samples from across the 
entire dataset are included in both training and validation, 
which is particularly useful for datasets with structured or 
time-ordered variability. This method is computationally ef-
ficient and is well-suited for datasets with evenly distributed 
data points, but it may not perform as effectively in datasets 
with correlations or groupings [9].

2.3.4   |   Random Subsets or Random k-Fold CV

Random subsets or random k-fold CV is a method where the 
dataset is randomly divided into k equal-sized subsets or folds, 
and the model is trained and validated k times. In each itera-
tion, one of the subsets is used as the validation set, while the 
remaining k-1 subsets form the training set. The process is re-
peated until each subset has served as the validation set once. 
When the predictions for all individual samples are available, 
the performance metrics are calculated, providing a robust es-
timate of model performance. This approach is widely used due 
to its simplicity and flexibility, especially for datasets with no 
inherent structure or groupings [9].

2.3.5   |   Resampling Methods

Resampling strategies differ from other CV techniques by fo-
cusing on repeated random sampling of the dataset to calcu-
late validation metrics in each iteration and combine them, 
providing metrics that reflect the robustness and stability of 
the model [9].

Bootstrap validation is a resampling method that creates multi-
ple subsets of data by randomly sampling with replacement from 
the original dataset. Each bootstrap sample or iteration typi-
cally has the same size as the original dataset but may include 
repeated samples while leaving some samples out. A model is 
trained on each bootstrap sample and tested on the samples not 
included (the ‘out-of-bag’ samples), providing an estimate of 
model performance [33, 34].

Monte Carlo validation involves generating multiple random 
splits of the dataset into calibration and validation subsets. In 
each iteration, a model is trained on the calibration subset and 
tested on the validation subset, and the process is repeated many 
times with different random splits. This approach provides a 
comprehensive assessment of model performance across a range 
of potential data partitions, capturing variability in performance 
metrics due to different dataset compositions [35].

The jackknife method is a systematic resampling technique 
where one sample is removed from the dataset at a time, and the 
model is trained on the remaining data. The process is repeated 
until each sample has been excluded from the calibration process 

FIGURE 2    |    Illustrative example of how a dataset would be split into 
subsets for cross-validation (CV) using different algorithms. Each rect-
angle represents a sample, blues samples represent the calibration sub-
set in the first iteration and the red ones represent the validation subset 
in that iteration. The process is repeated until all samples have been 
used for validation once.
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once. By aggregating the results across all iterations, jackknifing 
may provide estimates of variability, uncertainty or stability in 
model parameters such as regression coefficients or dimension-
ality, particularly useful for detecting influential samples or out-
liers that may disproportionately affect the model [34].

2.3.6   |   Permutation-Based Methods

Permutation-based methods can be used to assess the statistical 
significance of chemometric models by comparing their perfor-
mance to that of models built on randomly permuted response 
variables. Although these methods do not directly provide a 
performance evaluation in terms of predictive ability, they can 
help in the model hyperparameter optimisation process by dis-
tinguishing between parameter settings that lead to models 
capturing true structure in the data and those that simply fit 
random noise. By repeatedly permuting the response variable 
and recalculating model metrics (such as explained variance), 
it is possible to build a null distribution against which the ob-
served can be compared. A hyperparameter set that consistently 
yields a better model than the permuted counterparts can thus 
be selected with greater confidence. These methods become es-
pecially useful when dealing with small datasets or models with 
high complexity and risk of overfitting [20, 36].

2.3.7   |   Other CV Methods

Procrustes CV is a novel method that bridges random k-fold CV 
and independent test set validation in chemometric modelling. 
It generates a ‘pseudovalidation set’ by incorporating sampling 
uncertainties from CV into the calibration data, simulating an 
independent test set. Unlike conventional CV, Procrustes CV 
enables the assessment of global model parameters, such as ex-
plained variance and residuals, and is particularly effective in 
detecting overfitting. While not a substitute for independent 
validation, this CV method offers a robust alternative for model 
optimisation and exploration [37].

Repeated double cross-validation (RDCV) is a technique that 
combines internal CV for model selection with external vali-
dation for unbiased performance estimation. The process con-
sists of two nested CV loops: the outer loop, which partitions 
the dataset into training and validation subsets to evaluate final 
model performance, and the inner loop, which is used for model 
selection and hyperparameter tuning. This structure ensures 
that hyperparameter optimisation does not influence the final 
performance estimate, reducing overfitting risks, particularly in 
small datasets [38].

Probabilistic CV [39] and Bayesian CV [40] are other variations 
of the CV method, designed to address the limitations of de-
terministic model evaluations by introducing probabilistic ele-
ments into the validation process. Unlike standard CV, which 
evaluates model performance through fixed data partitions, 
these methods incorporate uncertainty into the validation pro-
cedure, modelling the prediction error as a probabilistic func-
tion. This approach splits the dataset into subsets and uses a 
probabilistic framework, such as Gaussian distributions, to es-
timate the model performance.

2.4   |   Figures of Merit

FoMs are essential tools for evaluating the performance of ana-
lytical methods. These metrics provide quantitative assessment 
of model performance and robustness, including the quality of 
predictions, the reliability of measurements and the ability to 
generalise across different datasets  [10]. Error metrics such as 
root mean square error (RMSE), mean absolute error (MAE), 
standard error (SE), relative error (RE) and mean square error 
(MSE) are widely used to quantify prediction errors. RMSE 
penalises larger errors more heavily, while MAE provides a 
simpler measure of average error, less sensitive to outliers. SE 
captures variability around the mean, and MSE evaluates the 
squared differences between observed and predicted values, em-
phasising larger deviations [41].

Correlation and fit metrics provide insights into the relation-
ship between observed and predicted values. The correlation 
coefficient (R) and the coefficient of determination (R2) mea-
sure the strength and direction of the linear relationship; the 
latter is also equivalent to the variance explained by the model 
(EV) [42]. The concordance correlation coefficient (CCC) eval-
uates agreement by combining measures of precision and ac-
curacy [43].

Other regression characteristics between the predicted versus 
observed data, including slope, offset and bias, provide addi-
tional information about systematic deviations in predictions. 
A slope close to unity and an offset near zero indicate an unbi-
ased model. In addition, statistical tests like the permutation test 
assess the significance of the observed relationships, ensuring 
model results are meaningful and not due to chance [8].

Performance ratios evaluate the predictive capability of models 
in a standardised way, so the values such as the ratio of perfor-
mance to deviation (RPD) and the range error ratio (RER) can 
be compared between models. RPD standardises the RMSE or 
other error metrics, comparing them with the standard devia-
tion of observations, with higher values indicating better per-
formance, while RER considers the range of the data relative 
to RMSE [42]. Other metrics, like the ratio of performance to 
interquartile distance (RPIQ), enhance robustness by using the 
interquartile range instead of the standard deviation, making 
them less sensitive to outliers [44].

In addition to these, other properties of the model such as the 
limit of detection (LOD) and the limit of quantification (LOQ) 
are critical in analytical applications, determining the smallest 
amount of analyte that can be reliably detected or quantified, re-
spectively [45]. Other less known metrics, like capacity detection 
(CCβ), identify the smallest quantity of analyte detectable with 
minimal false negatives [17, 46]. Altogether, these FoMs provide 
a comprehensive framework for evaluating and comparing che-
mometric models, ensuring their reliability and applicability in 
diverse scenarios.

However, it should be noted that more than one definition 
exists for some of the FoM, such as the RMSE, LOD or bias. 
Therefore, instead of offering mathematical definitions here, we 
refer the reader to other publications of reference in the topic 
[10, 45, 47–49].
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3   |   Methodology

3.1   |   Systematic Search

The research method for the systematic review followed the 
PRISMA guidelines (Figure 3), which ensure transparency and 
reliability in systematic reviews by adhering to a structured 
checklist [50]. The eligibility criteria focused on studies address-
ing the use of NIRS for food analysis, specifically targeting vali-
dation strategies in predictive modelling.

The primary information source for this review was SCOPUS, 
where the search was conducted on 4 December 2024. The 
search strategy employed the following query:

(TITLE-ABS-KEY (“near-infrared” OR “near-infrared spec-
troscopy” OR “NIR” OR “NIR analysis”) AND TITLE-ABS-
KEY (“food” OR “food quality” OR “food analysis” OR “food 
safety” OR “food composition” OR “food authentication” OR 

“food science”) AND TITLE-ABS-KEY (“PLS” OR “partial 
least squares” OR “PLS regression” OR “multivariate analy-
sis” OR “chemometrics” OR “regression” OR “predictive mod-
eling” OR “machine learning”)) AND PUBYEAR > 2014 AND 
PUBYEAR < 2026.

This strategy was designed to include various terminologies and 
synonyms relevant to the field while excluding studies beyond 
the scope of the review. The choice to use broad search terms 
such as ‘food’ was deliberate to maintain inclusivity across var-
ious food matrices and to provide a general overview of valida-
tion strategies in the field. The search was limited to publications 
from 2015 to 2025, chosen to represent the most recent valida-
tion strategies in NIR applications for food analysis. This time 
frame was defined by the authors, as there is no established con-
sensus on the appropriate frequency for systematic reviews [51].

A total of 1848 records were initially retrieved. These records 
were screened for relevance and quality, leading to the exclusion 

FIGURE 3    |    PRISMA flow diagram for the literature search conducted on the validation strategies used in food properties prediction chemometric 
models.
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of studies that did not focus on the application of NIR in food 
analysis. Articles outside the scope, such as those analysing 
nonprediction or unrelated methodologies, were removed. After 
screening, 1094 records were included in the review. Due to 
the large number of articles that met the inclusion criteria after 
screening, a random selection of 200 articles was performed to 
ensure manageability.

Data was systematically extracted into a Microsoft Excel file, in-
cluding information on the journal, year, CV strategy, external 
validation strategy, FoM used, if the equation of those FoM were 
display, the algorithm used and if a graph showing the models 
was included.

3.2   |   Validation Rigorousness Mark

To evaluate the rigour of validation strategies used in published 
studies, a validation rigorousness mark framework was devel-
oped. This framework systematically scores studies based on the 
use and description of CV and external validation methods. The 
validation rigorousness mark includes nine categories, ranked 
from 1 (least rigorous) to 9 (most rigorous), with criteria derived 
from the combination of these four elements: whether the study 
applies any form of CV to validate its findings, whether the 
study provides detailed information about the CV methodology 
(e.g., the number of folds, randomisation strategy or data split-
ting), whether the study employs external validation by testing 
its model or results on an independent dataset and whether the 
methodology for external validation is described in sufficient de-
tail (e.g., dataset origin, preprocessing steps and evaluation met-
rics). The highest score (9) is awarded to studies that use both 
CV and external validation and provide detailed descriptions 
of their methodologies. Each article included in the review was 
systematically evaluated, and information regarding its valida-
tion approaches was extracted. Each study was marked as ‘YES’ 
or ‘NO’ for CV or external validation usage, and if any or both 
were used, the description of the strategy was evaluated. Then, 
a score was assigned based on the results of the scoring matrix 

shown in Table 1. Certain combinations of criteria were logically 
excluded. For instance, studies that do not employ CV cannot 
define a CV strategy, and such scenarios were omitted from the 
factorial scoring design.

All data were independently extracted and evaluated by two 
reviewers to ensure objectivity. Any discrepancies in scoring 
were resolved through consensus discussions. The distribution 
of validation rigorousness mark across studies was analysed to 
identify common validation practices and trends in methodolog-
ical rigour. Descriptive statistics, including frequency distribu-
tions and mean validation rigorousness scores, were calculated. 
Correlations between validation rigorousness mark scores and 
study characteristics were visually assessed.

4   |   Results and Discussion

The selected reviewed articles were analysed to understand 
the year distribution and its equivalence to the whole arti-
cle set. The temporal distribution of the reviewed articles 
from 2015 to 2025, which has a similar distribution to the 
whole (data not shown), is shown in Figure 4. The number of 

TABLE 1    |    Explanation of the validation rigorousness mark based on the inclusion of cross-validation and external validation strategies, as well 
as the level of detail provided in the article regarding their implementation. Nine categories were considered in a full factorial design, excluding 
combinations where cross-validation or external validation were not used, as their strategies could not be defined.

Validation 
rigorousness mark Use of CV

Is the CV strategy 
declared?

Use of external 
validation

Is the external validation 
strategy declared?

1 NO NO NO NO

2 YES NO NO NO

3 YES YES NO NO

4 NO NO YES NO

5 YES NO YES NO

6 YES YES YES NO

7 NO NO YES YES

8 YES NO YES YES

9 YES YES YES YES

FIGURE 4    |    Distribution of reviewed articles by year included in the 
review.
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publications remained relatively stable from 2015 to 2019. A 
notable increase is observed in 2020, reaching its first peak, 
possibly influenced by the COVID-19 pandemic lockdown 
[52], followed by a fluctuating yet consistently higher year-to-
year number of publications from 2021 to 2024. The highest 
number of reviewed articles was published in 2024, indicating 
a growing research interest in the topic. In contrast, the small 
number of included articles in 2025 likely reflects the incom-
plete data collection for that year at the time of this review. 
This trend suggests an increasing focus on the application of 
NIR-based regression models for food property prediction, 
particularly in recent years.

The reviewed journals span a diverse range of Journal Citation 
Reports (JCR) categories, reflecting the interdisciplinary nature 
of research on NIR-based regression models and food property 
prediction. The highest number of journals falls under the ‘Food 
Science & Technology’ category (29 journals), underscoring 
the strong relevance of this field to food analysis. Other prom-
inent categories include ‘Chemistry, Analytical’ (11 journals) 
and ‘Chemistry, Applied’ (nine journals), highlighting the im-
portance of chemical methodologies in food research. Notably, 
categories related to spectroscopy, instrumentation and im-
aging, such as ‘Spectroscopy’ (five journals), ‘Instruments 
& Instrumentation’ (four journals) and ‘Imaging Science & 
Photographic Technology’ (two journals), emphasise the key 
role of advanced analytical techniques in the field. Other cat-
egories, including ‘Engineering’, ‘Remote Sensing’, ‘Artificial 
Intelligence’ and ‘Statistics’, demonstrate the integration of 
computational, technological and mathematical approaches in 
food-related research. Overall, this distribution highlights the 
multidisciplinary nature of NIR-based food analysis, encom-
passing food science, chemistry, engineering, agriculture and 
data-driven methodologies.

Given the wide range of disciplines involved in NIR prediction 
model validation, also a variety of prediction algorithms have 
been used to develop the models. The distribution of regression 
algorithms employed in the reviewed articles is illustrated in the 
pie chart in Figure 5. For the 200 reviewed articles, PLS is the 
most commonly used regression algorithm, occupying the larg-
est portion of the chart. This predominance underscores PLS as 
the preferred method for NIR-based prediction of food proper-
ties, likely due to its robustness in handling collinear spectral 
data and its well-established performance in NIRS [53]. Other 
regression algorithms appear much less frequently. Among 

these, SVM and MLR have a relatively larger share compared 
to RF, PCR, ELM and CoDa, which account for only minor por-
tions of the total algorithms used.

This trend highlights the reliance on PLS within the field, 
while the presence of alternative algorithms, though in 
smaller proportions, suggests an ongoing exploration of ma-
chine learning and statistical methods to enhance predictive 
performance and model generalisation. Notably, 19% of the 
reviewed studies employed multiple regression algorithms, re-
flecting a growing interest in hybrid or comparative modelling 
approaches.

4.1   |   External Validation

External validation is a critical step in chemometric model 
validation, ensuring that predictive models generalise beyond 
the calibration dataset and perform reliably on unseen data. 
However, 15% of the reviewed articles do not perform any 
external validation at all on their models. Not having a proper 
external validation and relying on CV strategies only may lead 
to overly optimistic performance estimates that do not hold in 
real-world applications.

Regarding the 85% that do perform some sort of external val-
idation and six articles used more than one method, Figure  6 
presents the distribution of the methods employed. A consid-
erable proportion of the authors that used external validation 
(29%) did not disclose their external validation approach, high-
lighting a gap in methodological transparency. Among those 
that specified a validation strategy, random splitting and custom 
validation methods were the most frequently used, followed by 
more structured approaches such as the Kennard–Stone and the 
SPXY algorithms. It is also noteworthy the low use of totally in-
dependent datasets for validation, even if this is, in general, the 
most recommended approach, as it is the most realistic approach 
to model performance estimation [7, 9].

The use of custom validation strategies suggests an effort to 
tailor validation approaches to specific dataset characteristics. 
As shown in the breakdown of custom validation methods 
(Figure  6), a significant portion of these approaches relies on 
criteria regarding other properties of the samples not considered 
in the X block, such as the range or standard deviation of the 
reference values (y) or the sample classes. While these methods 
enhance representativeness, their implementation varies widely, 
and insufficient standardisation can lead to inconsistencies in 
model evaluation across studies. For instance, while randomly 
splitting a dataset into calibration and validation subsets is the 
most commonly used approach, it is essentially equivalent to 
performing random k-fold CV but with only a single partition. 
This means that although it offers the characteristics of a ran-
dom sampling, it relies on just one division of the data, mak-
ing it highly sensitive to chance. As a result, it may produce 
unreliable performance metrics, especially when working with 
small or unevenly distributed datasets. In such cases, it would 
be more appropriate to use alternative data-splitting strategies 
that account for dataset structure and variability, alongside ran-
dom k-fold CV to obtain more robust and generalizable model 
evaluations.

FIGURE 5    |    Representation of the proportion of regression algo-
rithms used in the reviewed articles. N = 200 articles.
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To improve the reliability of external validation, several well-
designed strategies can be employed to ensure that the test 
set is representative of real-world conditions. One effective ap-
proach is partitioning data based on an independent variable 
such as time or batch, where models are tested on a completely 
separate time period, such as a different year or a new batch. 
Another useful strategy is maintaining the same proportion of 
sample types (e.g., different classes or categories) in both the 
calibration and test sets, which prevents biases introduced by 
imbalanced partitions. Additionally, ensuring that the range 
and distribution of the reference values (y) is well represented 
in both subsets helps maintain a fair evaluation, reducing the 
risk of models being overly optimised for a specific domain. 
As a general rule of thumb, it is required to define the work 
domain of the model and to offer an external validation set 
that covers that domain. In this sense, by incorporating these 
structured validation strategies, models can be assessed more 
rigorously, ultimately leading to more reliable and generalis-
able results.

In parallel to the strategies used for external validation, Figure 7 
illustrates the distribution of calibration-to-validation sample 
ratios reported in the studies that used external validation. The 
most commonly used ratios cluster between 2:1 and 4:1, with 
3:1 being the most frequent, indicating a tendency to allocate 
approximately 75% of the data for calibration and 25% for valida-
tion. Ratios below 5:1 were much less common, suggesting that 
most studies use a reasonably sized validation set rather than 
a minimal proportion of data for performance assessment. The 
presence of ratios of 1:1 and above indicates that a small number 
of studies used validation sets as large as or larger than their cal-
ibration sets, which may occur when there is a high availability 
of samples.

The distinction between exact and approximate propor-
tions, represented by different shades in the histogram in 
Figure  7, describes a difference in how calibration and vali-
dation sets are defined, with some studies adhering strictly to 
predetermined ratios and others using exact sample numbers, 
probably due to outlier removal or other data curation pro-
cesses. In general, the relatively low variability in these ratios 
underscores that even if there is no standardised guideline for 
this choice, practitioners reach a certain degree of consensus 
on this topic.

4.2   |   Cross-Validation

Among the 200 reviewed articles, 83.5% employed some form 
of CV, while the remaining 16.5% either did not use CV or did 
not include it (Figure 8a). Three of the articles used more than 
one CV method. The most commonly reported method was 
random subsets CV, followed by LOO-CV and venetian blinds 
CV. However, approximately 25% of studies did not disclose the 
CV method used, further emphasising the lack of methodologi-
cal transparency in validation practices. The use of resampling 
strategies was limited, only six articles performing Monte Carlo 
validation, despite their usefulness for the evaluation of model 
robustness and hyperparameter tuning.

Figure 8b details the k-fold strategies used by 51 studies employ-
ing random k-fold CV and eight studies using venetian blinds 
CV. The most frequently used k-values were 10-fold and fivefold, 
which may be explained by practicality reasons. Lower k-values 
(e.g., 3, 4 and 5) may help avoid overfitting by ensuring a more 
substantial set in each iteration. Higher k-values may lead to 
overoptimistic model performance estimates, as the validation 
subsets become too small to provide a reliable assessment of 
model generalisability.

FIGURE 6    |    Representation of the proportion of external validation methods used in the reviewed articles. N = 170 articles used external valida-
tion. N = 25 articles used a custom external validation strategy.

FIGURE 7    |    Histogram of the ratio of samples used for the calibration 
and external validation subsets in the reviewed articles. N = 170 articles 
used external validation. Noncommon proportions were approximated 
to simple ones due to most of them being caused by the removal of some 
samples (like outliers) from one or both of the groups.
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Interestingly, only four of the studies performed more than 
one iteration in the CV; this is, they performed random k-
fold splitting more than once. This practice offers more ro-
bust CV metrics as they are calculated over several random 
data splittings and then averaged. However, the number of 
iterations used also varied widely (10, 25 and 100 iterations 
were used).

These findings highlight the need for more rigorous and 
transparent CV reporting. The variability in CV methodolo-
gies, combined with a lack of justification for k-fold choices 
in many studies, complicates direct comparisons between re-
ported model performances. Standardising CV practices and 
encouraging authors to justify their validation strategy would 
enhance reproducibility and the reliability of chemometric 
models.

4.3   |   General Considerations

To systematically and comprehensively assess the method-
ological robustness of validation practices in the reviewed 
literature, a validation rigorousness mark framework was 
implemented. This framework categorises studies into nine 
categoric levels, ranging from 1 (least rigorous) to 9 (most 

rigorous), based on the presence and description of CV and 
external validation methods, as described in Table 1. However, 
it should be noted that this does not ensure a proper valida-
tion, as the best methodology to be used in each study may 
change based on the characteristics of the dataset. Figure  9 
shows the distribution of validation rigorousness marks across 
the reviewed studies.

The distribution reveals a clear trend toward higher validation 
scores, with the largest proportion of studies, over 30% of the 
articles, receiving the maximum mark (9). This means that a 
substantial number of studies implement both CV and external 
validation strategies while providing methodological descrip-
tions for them, reflecting a growing commitment to rigorous 
validation practices among practitioners in NIR-based regres-
sion research for food applications. In comparison, relatively 
few studies received the lowest marks (< 6), indicating that 
only a small proportion of articles failed to apply or sufficiently 
describe validation strategies. However, the articles with mark 
3 are more frequent among them, representing studies that 
used and described CV methods but did not use any external 
validation, relying on the metrics provided by the CV for as-
sessing the generalisability of the model, often overoptimistic 
[54]. Also, it was found that some articles that do not use CV 
but do external validation use the validation set for optimising 
the models [55]; this also may result in overfitting and overop-
timistic performance metrics. These findings underscore the 
need for continued emphasis on best practices in model valida-
tion to enhance reproducibility and reliability of chemometric 
models.

When studying the validation rigorousness mark in relation to 
sample size, in relation to the corresponding journal impact fac-
tors (IFs), or the average IF of editorials, no clear trends emerge 
(Figures S1, S2 and S3). This suggests that validation rigour is 
not inherently linked to journal prestige or editorial influence. 
Furthermore, given that only a few journals achieve the high-
est validation scores, these findings highlight the need for all 
journals and publishers to enforce stricter validation report-
ing requirements to ensure methodological transparency and 
reliability.

FIGURE 8    |    (a) Proportion of cross-validation strategies used in the 
reviewed articles. N = 167 articles used cross-validation. (b) Histogram 
of k-fold strategies used in the reviewed articles. N = 51 articles used 
k-fold random cross-validation. N = 8 articles used venetian blinds 
cross-validation.

FIGURE 9    |    Histogram of validation rigorousness mark for the re-
viewed articles. N = 200 articles.
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However, once the validation strategy is set, quantitative met-
rics are needed for evaluating the chemometric models, and this 
is where FoM plays an important role. These metrics are im-
portant for assessing model performance, comparing different 
algorithms and ensuring reproducibility across studies. But, de-
spite their importance, the selection and reporting of FoM vary 
widely among studies, which can hinder direct comparisons and 
the reproducibility of results. A histogram illustrating the distri-
bution of FoM reported in the 200 reviewed studies is shown in 
Figure 10. The most frequently used FoM are R and R2, collec-
tively appearing in over 90% of the articles, underscoring their 
widespread acceptance as key indicators of model fit. For evalu-
ating model performance, RMSE is, by far, the most used metric, 
appearing in more than 80% of the articles. Another commonly 
used metric is the RPD, appearing in almost 50% of the articles, 
which is useful for standardising prediction error estimation. 
However, many articles use the RPD to ‘objectively’ categorise 
the proposed models as good or bad based on an arbitrary scale, 
instead of interpreting the results in depth, which may lead to 
misleading conclusions [56].

Notably, while all of the studies report FoM, only 33% of them ex-
plicitly provide the mathematical formula for any of the reported 
metrics. This also highlights a lack of methodological transpar-
ency, especially in FoM, where the definition is not clear or there 
is more than one available definition in the literature, such as 
bias or LOD and LOQ [45]. In addition, different software may 
calculate FoM in slightly different ways, the RMSE, for instance, 
and explicitly providing the formula ensures clarity and facili-
tates meaningful comparisons between studies. Bias, in particu-
lar, is a FoM that can be defined and calculated in multiple ways, 
leading to confusion when not explicitly described. It may refer 
to the mean difference between predicted and reference values, 
the systematic error in a model or even the slope deviation from 
unity in a regression analysis.

Additionally, the use of multiple error-based metrics (e.g., 
RMSE, SE, MSE and RE) in a single study, even interchangeably 

as some authors do [57], may be confusing and does not add sig-
nificant value, as these metrics are mathematically related and 
convey similar information [41]. Other authors, however, base 
the discussion of results solely on the use of RMSE or another 
error-based metric, instead of offering a comprehensive evalua-
tion of the proposed regression model, and can often be a biased 
or incomplete interpretation [44].

Furthermore, related to FoM, only 73.5% of the reviewed arti-
cles included a figure describing model prediction performance 
(predicted versus reference or similar), allowing for visual in-
spection of model characteristics. These plots are important for 
assessing key aspects such as linearity, linear range, bias and 
dispersion of residuals, providing a more intuitive evaluation 
of model quality beyond numerical FoM. These figures take 
on even more relevance depending on the choice of reported 
FoM, which may fail to capture certain model deficiencies [58]. 
Notably, while these visualisations are crucial, it is also import-
ant to consider whether calculating the p-value of the predicted 
versus measured values is truly necessary. A statistically signif-
icant correlation does not always imply that the model is robust 
or useful, as significance can be influenced by sample size and 
other factors unrelated to actual predictive performance.

In general, a more standardised and comprehensive approach to 
reporting FoM could improve clarity and prevent redundancies 
and missing information in model evaluation. Moreover, as ex-
plained, the inconsistency in their definitions or the lack of them 
affects the dissemination and practical applicability of results, 
particularly in regulatory or industrial settings where precise 
definitions are essential. Using proper validation strategies is 
essential; however, if the use of FoM is inconsistent or nonrig-
orous and nontransparent, the interpretation of results may not 
be accurate or comparable between studies, potentially offering 
misleading conclusions.

5   |   Conclusions

This systematic review highlights the important role of valida-
tion in chemometric regression models applied to NIRS for food 
analysis. The results revealed that PLS regression is the most 
commonly used approach, reflecting its suitability for handling 
collinear spectral data and its well-established performance in 
NIRS. While alternative machine learning approaches have 
been explored to a lesser extent, their presence in some studies 
suggests a growing interest in expanding the range of available 
methodologies.

Furthermore, the findings emphasise the importance of ro-
bust validation strategies, including both CV and external 
validation, to ensure the reliability and generalisability of 
predictive models. Despite the widespread adoption of some-
what standard validation methods, significant gaps remain re-
garding the reporting of these validation strategies and FoM. 
To enhance the rigour and reproducibility of these analytical 
methods, it is essential to adopt a more a rigorous approach. 
Future studies should ensure comprehensive validation strat-
egies that incorporate both CV and external validation, with 
clear justification for the selected methods, to improve compa-
rability between studies.

FIGURE 10    |    Histogram of figures of merit used in the reviewed ar-
ticles. N = 200 articles. In red: FoM related to prediction error. In blue: 
FoM related to predicted versus measured fit. In green: FoM that rela-
tivise prediction error. In yellow: FoM related to the limits of the model. 
In grey: other FoM.
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While most studies implemented some form of external valida-
tion, many did not provide explicit details on their validation 
methodology, potentially affecting the reproducibility of their 
results. Random data splitting remains the most commonly 
used external validation approach, yet its limitations in provid-
ing a truly independent and robust assessment suggest a need for 
more structured validation techniques, such as custom or fully 
independent test sets. Similarly, while CV was employed in the 
majority of studies, its implementation varied widely, with in-
consistent reporting of k-fold parameters, iteration numbers and 
resampling methods.

The assessment of FoM further underscored the need for more 
rigorous reporting practices. While correlation-based metrics 
such as R2 and error metrics like RMSE were widely used, the 
inconsistent definition and application of other FoM, especially 
those that have different possible definitions and have not been 
standardised, such as bias or LOD, complicate direct compar-
isons across studies. The frequent omission of mathematical 
formulas for these ambiguous metrics further exacerbates these 
issues. Additionally, despite their importance in assessing model 
performance, visual representations of model performance were 
absent in a considerable number of studies, limiting the ability to 
critically evaluate the proposed chemometric models. The stan-
dardisation of FoM, including explicit definitions, would help 
mitigate inconsistencies in performance evaluation, and the 
inclusion of visual performance assessments, such as predicted 
versus observed plots, would facilitate a more intuitive evalua-
tion of model quality.

The growing reliance on NIR-based chemometric models in 
food analysis underscores the necessity of rigorous validation to 
maintain scientific integrity and practical applicability. By im-
plementing standardised and transparent validation practices, 
the field can move toward greater applicability, fostering the de-
velopment of more reliable and generalisable predictive models 
for food quality and safety applications.
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