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• A Modeling Power (MP) based algo
rithm for variable selection in SIMCA is 
introduced.

• Three criteria are combined: compact
ness correlation, non-growth rate, MP 
threshold.

• Interpretable and compact one-class 
models using only target-class data.

• Classification performance is preserved 
or improved.

• Selected variables are chemically 
meaningful and class-representative.
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A B S T R A C T

The present study proposes a variable selection algorithm for Soft Independent Modeling of Class Analogy 
(SIMCA) in the context of rigorous one-class classification (OCC), using Modeling Power (MP) as a central in
ternal metric. The algorithm integrates three complementary criteria: correlation between MP and class 
compactness, MP non-growth rate across successive principal components, and a minimum MP threshold. These 
criteria were applied to three experimental datasets: UV–Vis spectra of edible oils, NIR spectra of Argentinean 
green teas, and HPLC–CAD chromatographic profiles of olive oils. In all cases, the goal was to enhance model 
parsimony and interpretability without compromising classification performance. The selected variables were 
chemically meaningful, aligning with known spectral or chromatographic regions associated with key compo
sitional markers. Comparative analyses between the proposed Modeling Power Selector with SIMCA (MPS- 
SIMCA) and traditional full-spectrum SIMCA showed equivalent or improved classification performance. Addi
tionally, MPS-SIMCA achieved superior model compactness and interpretability, supporting the feasibility of 
variable selection based solely on internal class structure. This approach offers a robust and interpretable 
alternative for class modeling in food authentication tasks where only target-class samples are reliably available.
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1. Introduction

Variable selection is a central topic in multivariate data analysis, 
particularly in high-dimensional problems often encountered in 
analytical chemistry and chemometric applications [1–4]. When the 
number of predictors exceeds the number of samples, the risk of over
fitting increases substantially, often compromising model interpret
ability and generalization. Variable selection aims to reduce model 
complexity by identifying informative features while discarding noisy or 
redundant variables, thus enhancing model robustness and interpret
ability [5,6].

This challenge is especially pronounced in one-class classification 
(OCC) tasks — also referred to as class-modeling methods —, where only 
the target class is reliably available, and the absence of non-target well- 
defined datasets precludes the use of discriminative criteria [1,7,8]. In 
this setting, traditional variable selection strategies — typically 
designed for supervised classification problems — may not be applicable 
as they rely heavily on inter-class variance [5–7]. The situation is further 
complicated in rigorous OCC, where variable selection and model con
struction must be performed solely on target-class data, without simu
lating non-target distributions or pseudo-negatives [9]. In this context, 
several strategies specifically applicable to OCC have been reported, 
ranging from filter, wrapper, and embedded methods to hybrid ap
proaches, as systematically reviewed by Schneider et al. [10]. Such 
strategies are tailored to minimize the mismatch between model sensi
tivity and the desired confidence level without introducing bias from 
unknown or unmodeled classes.

Among class-modelling approaches, Soft Independent Modeling of 
Class Analogy (SIMCA) is particularly suitable for OCC scenarios, where 
only the target class is reliably available. SIMCA models the structure of 
the target class using Principal Component Analysis (PCA), defining 
acceptance boundaries based on score and orthogonal distances derived 
from the distribution of samples in a reduced latent space [11–14]. 
However, even within SIMCA, the integration of effective and inter
pretable variable selection strategies remains an open challenge in the 
rigorous OCC context.

Recent work by Pomerantsev et al. [15] introduced the LOVE (Leave 
One Variable Excluded) algorithm, a wrapper-based and interactive 
variable selection strategy specifically developed for OCC applications 
using DD-SIMCA. LOVE improves model robustness, compactness, and 
interpretability by stepwise evaluation of classifier performance after 
variable or interval exclusion, relying on multiple internal figures of 
merit such as sensitivity, specificity, and efficiency. In more detail, the 
LOVE approach was shown to be efficient in enhancing classifier per
formance, preventing overfitting and improving model stability, fixing 
outliers without deletion, and leading to a better understanding of 
relevant factors. While the approach offers valuable insights and allows 
for flexible, analyst-driven refinement of the model, it is inherently 
interactive and not designed for full automation. Therefore, despite its 
significant contributions, there remains a clear need for fully unsuper
vised and automated variable selection strategies that, while adhering to 
the constraints of rigorous OCC, operate solely within the internal 
structure of the target class, defined in this context by the distance of 
each sample projection to the center of the reduced latent space and by 
its orthogonal distance to this space. Nonetheless, the development and 
successful application of LOVE highlight that variable selection in the 
context of class modeling is a timely and actively evolving research 
topic.

Modeling Power (MP) — a PCA-derived metric that quantifies how 
well each variable is represented in the class model — offers a promising 
route for internal, unsupervised variable selection. MP is computed by 
comparing the residual standard deviation of a variable in the modeled 
PCA space to its original standard deviation, offering an interpretable, 
signal-to-noise-like estimate for each variable [11,13]. Although MP 
provides a principled basis for objective variable selection and is easily 
computed in routine calculations within SIMCA models, it has rarely 

been employed systematically to guide variable reduction, particularly 
in robust OCC frameworks where external class information is not 
required.

Aiming to enhance variable selection, model interpretability, and 
generalization capacity, the present study proposes an algorithm termed 
Modeling Power Selector for SIMCA (MPS-SIMCA) that combines three 
MP-derived criteria to select variables in SIMCA–OCC: correlation with 
class compactness, non-growth rate across successive components, and 
an absolute minimum threshold. By focusing exclusively on the internal 
structure of the target class, the approach ensures that variable selection 
is objective, data-driven, and independent of any information about 
non-target samples. The method is evaluated on three datasets — two 
spectroscopic (UV–Vis and NIR) and one chromatographic — using 
food-related applications as case studies to assess classification perfor
mance, interpretability, and robustness. Its effectiveness is assessed by 
comparing MPS–SIMCA to the traditional full-spectrum SIMCA, focusing 
on analytical figures of merit (AFOM), including sensitivity, specificity, 
and model compactness as key indicators of classification quality. While 
food authentication provides a real-world application context, the 
methodological contributions of this work are broadly applicable to any 
OCC scenario involving high-dimensional data and the need for unsu
pervised variable selection.

2. Proposed algorithm

This study proposes a novel variable selection algorithm tailored for 
Soft Independent Modeling of Class Analogy (SIMCA) within the 
framework of OCC. The algorithm integrates Modeling Power (MP) as its 
primary criterion, leveraging its capacity to quantify variable contri
bution to class modeling across principal components. Beyond absolute 
MP, the approach incorporates complementary metrics derived from MP 
behavior itself, including the correlation between MP and class 
compactness, the growth of MP across principal components, and the 
evaluation of minimum MP thresholds. Rather than guaranteeing an 
inherent improvement in rigorous OCC performance, this variable se
lection strategy aims to balance classification accuracy with enhanced 
chemical interpretability of the spectral data. It represents an explor
atory attempt to refine SIMCA models by prioritizing variables that 
consistently support class definition while potentially reducing dimen
sionality and improving the interpretability of selected features in che
mometric analyses.

2.1. Modeling power calculation

Following the construction of the SIMCA model for the target class, 
the variable selection algorithm evaluates Modeling Power (MP) as a 
central metric for identifying relevant variables. Assuming X as the 
matrix of training data and dimensioned with j variables, the MP 
quantifies how effectively the variance of each variable is explained by 
the principal components retained in the class model. As shown in 
Equation (1), for a given variable j, its residual standard deviation after 
projection onto the model is denoted as sj,res, and its original standard 
deviation (i.e. before projection) is denoted as sj,x [11,13].

The MP is calculated as: 

MPj =1 −
sj,res

sj,x
(1) 

This ratio expresses the remaining unexplained variation (residual 
noise) relative to the total variation of the variable. A value of MP close 
to 1 indicates that the variable is well captured by the model, whereas 
values near 0 suggest poor representation and potential irrelevance to 
the modeled class structure.

The residual deviation sj,res is computed from the residual matrix E, 
which contains the differences between the original centered data X and 
its projection onto the retained PCs. Each entry eij in E represents the 
residual for sample i and variable j. The term sj,x is derived from the 

M.P. Schneider et al.                                                                                                                                                                                                                           Analytica Chimica Acta 1375 (2025) 344575 

2 



standard deviation of the original centered data matrix for variable j. 
The use of standard deviation offers practical and interpretative ad
vantages: it preserves the units of the original variables, allows MP to be 
directly interpreted as a dimensionless proportion of total variability 
explained by the model, and ensures values are bounded between 0 and 
1. Alternative formulations based on variance ratios would alter the 
numerical scale and interpretation of MP, potentially affecting its 
comparability across variables and studies.

2.2. Principal component selection strategies

In the context of rigorous OCC, the selection of the optimal number 
of principal components (A) in the present study is performed exclu
sively using samples from the target class, and strictly within the 
training dataset. This restriction — particularly the use of target-class 
data only — is fundamental to avoid introducing any information 
from non-target samples, whether real or simulated, thus preserving the 
unsupervised nature of the modeling process and preventing potential 
bias.

The two strategies employed for selecting the optimal number of 
components are both based on the analysis of the Coefficient of Varia
tion (CV) of Modeling Power (MP) across components. For each prin
cipal component, the CV is computed as the ratio between the standard 
deviation and the mean of the MP values across all variables. One 
strategy, referred to as the Exponential Fit Criterion, identifies the point 
of stabilization in MP variability by analyzing the slope of an expo
nential decay fit to the CV curve. The alternative approach, the CV-Mean 
Criterion, selects the component whose CV is closest to the overall mean 
CV across all components — capturing a balance between explained 
variance and residual variability.

2.2.1. Exponential Fit Criterion
This approach estimates the optimal number A by modeling CV of 

the Modeling Power (MP) across components using an exponential 
decay function. The CV at each component is computed as the ratio 
between the standard deviation and the mean of MP values across all 
variables. As shown in Equation (2), optimal A is identified as the point 
(
⃒
⃒CVÁ(x)

⃒
⃒) where the absolute slope of the fitted curve falls below a 

predefined threshold (δPC), indicating that further components provide 
diminishing contributions to MP variability. 
⃒
⃒CVʹ

A(x)
⃒
⃒ < δPC (2) 

2.2.2. CV-mean criterion
As an alternative, this method selects the component whose CV value 

is closest to the overall mean CV across all components, following a 
rationale similar to the Kaiser criterion [16]. Instead of relying on ei
genvalues, as demonstrated in Equation (3), it focuses on variability in 
Modeling Power (MP), assuming that components near the average CV 
reflect a balance between information retention and model simplicity. 

A= arg mini|CVA(i) − CVA| (3) 

Both strategies are computed and displayed in the user interface, 
allowing for a transparent comparison. By default, the algorithm rec
ommends the lower of the two estimates as the optimal number of 
components. However, the analyst may override this suggestion to 
explore alternative model complexities. Future developments aim to 
further automate this process, enhancing reproducibility and mini
mizing manual intervention.

2.3. Variable filtering criteria

2.3.1. Compactness contribution
The compactness index (CI) reflects the variability of the samples’ 

score distances within the principal component space, providing a 
measure of class homogeneity at each retained component. A lower CI 

indicates that the samples are more tightly clustered along that 
component, suggesting a more cohesive class structure. It is calculated 
as the standard deviation of the score distances (SD) across the training 
samples at each individual component, as shown in Equation (4). 

CIi = std(SD) (4) 

To assess how each variable’s Modeling Power (MP) profile relates to 
class compactness across components—capturing monotonic relation
ships without assuming linearity or normality—the Spearman correla
tion coefficient (rj) is computed between the vector of MP values for 
variable j and the vector of compactness indices across the retained 
components [17]. This is expressed mathematically in Equation (5): 

rj =1 −
6
∑A

a=1

[
R
(
MPa,j

)
− R(CIa)

]2

A
(
A2 − 1

) (5) 

In this formulation, rj is calculated as a function of the ranks of its 
MPa,j values and the corresponding CIa at each principal component a, 
with A being the total number of components considered. The operator 
R( ⋅) represents the rank transformation applied independently to each 
vector. The squared differences between the ranks quantify the degree of 
agreement between the variable’s representativeness in the model and 
the class compactness. A strong positive or negative value of rj indicates 
a consistent trend between the two, while values near zero suggest no 
monotonic relationship.

A threshold for variable selection is then defined in Equation (6), 
retaining variables whose correlation exceeds the threshold adjusted by 
a sensitivity factor, as indicated in Equation (7). 

threshold=median(r) + (r0 × σ(r)) (6) 

rj > threshold (7) 

2.3.2. Modeling power (MP) non-growth rate
The MP growth metric (MPg) quantifies the evolution of each vari

able’s MP across the selected number of principal components (A). It is 
calculated for each variable j as the difference between the MP at 
component A and the MP at component 1, divided by A (Equation (8)). 
Since an increase in MP is generally expected as more components are 
retained, a threshold is defined to identify variables with dispropor
tionately high growth, calculated as the median plus a sensitivity factor 
(ζMP) times the standard deviation of MPg (Equation (9)). Variables 
exceeding this threshold are excluded from selection, as they may 
represent features that only become relevant at later components, 
potentially reflecting noise or overfitting. To the best of our knowledge, 
this variable selection strategy based on MP growth has not been pre
viously reported in the literature. No similar methodology was identified 
during the development of this work, suggesting that the approach is 
being proposed here for the first time. 

MPgj =
MPA,j − MP1,j

A
(8) 

threshold=median(MPg) + (ζMP × σ(MPg)) (9) 

To align this criterion with others and facilitate interpretation, MPg 
is transformed. First, its absolute value is normalized to a [0,1] scale 
(Equation (10)), then expressed as its complement, termed the MP non- 
growth rate, MPng (Equation (11)). This transformation ensures that 
higher MP non-growth rate values correspond to variables with lower 
growth, enabling intuitive graphical comparison across selection 
criteria. 

MPgnorm,j =

⃒
⃒
⃒MPgj

⃒
⃒
⃒ − min (|MPg|)

max(|MPg|) − min (|MPg|)
(10) 

MPng= 1 − MPgnorm,j (11) 
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2.3.3. Minimum modeling power threshold
Modeling Power (MP) calculation was previously introduced in 

Equation (1). Following Wold and Sjöström [11], variables exhibiting a 
modeling power lower than 0.3 are considered to contribute poorly to 
the definition of the class space and may be excluded from the model 
without compromising interpretability or parsimony. The threshold can 
be adapted depending on the dataset characteristics, as suggested by 
Ferreira [13], who reinforced that a MP close to 1 indicates that the 
variable is well explained by the retained principal components, 
whereas values below 0.5 suggest a poor contribution to class modeling. 
This threshold serves as a basic filter, ensuring that only variables 
meeting a minimal modeling quality are retained for further analysis.

2.4. Summary of workflow

The workflow of the proposed variable selection process is summa
rized in Fig. 1. Initially, a SIMCA model is constructed using the full set 
of variables, and the Modeling Power (MP) is calculated for each vari
able across principal components. An optimal number of components 
(A) is then determined using criteria based on the coefficient of variation 
of MP. Subsequently, three filtering criteria are computed: (i) the cor
relation between MP and class compactness, (ii) the MP non-growth 
rate, and (iii) the minimum MP threshold. These criteria are combined 
to select variables that contribute both to variance explanation and to 
maintaining class compactness while avoiding variables that become 
relevant only at later components. A new SIMCA model is then con
structed using the selected variables, and performance metrics are 
extracted to evaluate model quality. This workflow integrates statistical 
thresholds and interactive decisions to balance model interpretability 
and classification performance.

3. Material and methods

3.1. Case studies

Three experimental datasets were used in the present study to 
evaluate and compare classification models, each simulating a realistic 
one-class classification problem involving a single target class and 
several non-target samples. The first dataset contains UV–Vis absorption 
spectra (220–400 nm) of edible oils, previously acquired by Pontes [18]. 
Sunflower oil (SNF, n = 28) was here defined as the target class, while 

the non-target samples (n = 15) included soybean, corn, and canola oils. 
The second dataset consists of NIR reflectance spectra (1001–2500 nm) 
of tea samples, originally provided by Diniz and previously studied using 
both NIR and UV–Vis techniques [19,20]. Argentinean green tea (AGT, 
n = 20) was defined as the target class of the present study, and the 
non-target set (n = 24) comprised Brazilian green teas and black teas 
from Argentina and Sri Lanka.

The third dataset, obtained from the UCPH Chemometrics Data Sets 
platform [21] and previously used for olive oil authentication [22], in
cludes 120 HPLC chromatograms acquired with Charged Aerosol 
Detection (CAD). The dataset consists of 71 olive oils (target class – OLO) 
and 49 non-olive oils (e.g., sunflower, corn, soybean, grapeseed, and 
blends). It is important to note that, unlike spectroscopic detectors such 
as DAD (Diode Array Detector), CAD provides a first-order multivariate 
chromatographic signal, represented by the elution time versus in
tensity, with no spectral dimension. Therefore, each sample is repre
sented by a single vector of intensity values across the elution time, and 
no preprocessing related to spectral data is required. Each chromato
gram covers approximately 45 min, comprising circa 4000 variables per 
sample. All the above case studies were selected due to the chemical 
similarity between classes and the spectroscopic or chromatographic 
complexity of the data, providing scenarios for testing one-class classi
fication strategies.

3.2. Chemometric procedures and data analysis

Owing to the distinct spectral characteristics of each dataset, tailored 
preprocessing strategies were applied. For the UV–Vis data of vegetable 
oils, no preprocessing was performed due to the high signal quality and 
low baseline drift. The NIR spectra of teas underwent Standard Normal 
Variate (SNV) transformation and baseline correction to mitigate scatter 
and drift effects [23].

For the HPLC-CAD chromatographic dataset, the first 8 and the last 
10 min were removed from each chromatogram to eliminate regions 
lacking relevant chemical information. A second-order polynomial 
baseline correction was then applied individually to each sample. The 
resulting chromatograms were mean-centered across variables prior to 
normalization by the Euclidean norm, in order to preserve the relative 
variance structure before scaling sample magnitudes. This approach was 
adapted and extended from previously proposed preprocessing routines 
[22], slightly shifting the authors’ procedure, where the normalization 
preceded mean centering. The adaptation was intentional and aimed to 

Fig. 1. Flowchart of the modeling power selection process for SIMCA.
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enhance comparability across chromatograms while maintaining vari
ance patterns relevant for subsequent multivariate analysis.

In all case studies, samples from the target class were split into 
training and test sets using the Kennard–Stone algorithm [24], adopting 
a 70:30 ratio. A pseudo-validation set, with dimensions matching the 
training set, was generated using the Procrustes Cross-Validation (PCV) 
strategy [25]. For this purpose, the number of principal components 
(PCs) was deliberately set to 20, ensuring that the PC-set would be valid 
for any subsequent modeling approach using a number of components A 
≤ 20, as recommended by Kucheryavskiy et al. [25]. Moreover, in our 
implementation, the PCV procedure employed a leave-one-out (LOO) 
splitting scheme during its internal cross-validation step, exclusively for 
the purpose of generating the pseudo-validation set. This choice was 
motivated by the relatively small size of the datasets and aimed to 
maximize the variability captured in the PV set while ensuring its cor
respondence with the global model. The PV set was then used as an 
independent validation set for assessing model robustness. All datasets 
were mean-centered across variables (without scaling.

The performance of conventional SIMCA [11–14] was compared to 
that of the proposed variable-selection-based approach in both sce
narios. In both cases, the number of PCs was defined based on the co
efficient of variation of the modeling power (MP) index. The significance 
levels for α1 (0.05) and α2 (0.01) followed established guidelines [26], 
defining the acceptance threshold for the target class and the rejection 
rate of outliers, respectively.

Classification outcomes for the test set were evaluated using the 
confusion matrix, from which the following analytical figures of merit 
(AFOM) were calculated: Sensitivity (SEN), Specificity (SPC), Precision 
(PRC), F-score (FSR), Efficiency (EFF), and the Matthews Correlation 
Coefficient (MCC). These figures were selected to provide a compre
hensive view of model performance, balancing detection accuracy, 
rejection ability, and overall classification reliability. As discussed by 
Ballabio et al. [27], no single index is sufficient to fully describe the 
classification ability of a model, since each one captures different as
pects of performance and may behave differently depending on the 
classification scenario. Therefore, a combined set of complementary 
measures was adopted to ensure a more robust and unbiased assessment 
of classification performance.

4. Results and discussion

The performance of the proposed MPS-SIMCA algorithm was 
benchmarked against conventional SIMCA using three independent 
datasets — two spectroscopic and one chromatographic. Models were 
constructed exclusively from target-class training data, and variable 
selection was performed using the three MP-based criteria previously 
described. The number of principal components was defined based on 
internal evaluation of MP variability, and classification performance 
was assessed through acceptance plots and figures of merit derived from 
confusion matrices.

4.1. Modeling power and PC selection

4.1.1. UV–vis dataset – edible oils
Fig. 2a presents the heatmap of Modeling Power (MP) across PCs, 

overlaid with the average spectrum of the target class (sunflower oil). 
The heatmap reveals that the lowest-order component (PC1) concen
trates high MP values in the region between 200 and 250 nm, indicating 
that these spectral variables play a central role in class modeling. PCs 2 
through 4 extend the influence of informative variables up to approxi
mately 325 nm, while preserving elevated MP values in the lower 
spectral range, suggesting consistency in variable importance 
throughout early components. As the number of components increases, 
MP values progressively rise across the entire spectral domain, with 
nearly all variables reaching MP values close to 1. This behavior suggests 
that beyond PC6, all variables begin to contribute uniformly to the 

model, which may indicate a tendency toward overfitting due to the 
nonselective modeling of variance from all spectral regions.

Fig. 2b displays the CV of variables’ MP values across PCs (blue 
curve), with the CV values on the y-axis and the PC index on the x-axis. 
As a direct consequence of the MP behavior observed in Fig. 2a, lower- 
order PCs show greater heterogeneity in variable importance—some 
variables exhibit very high MP while others remain low—resulting in 
high CV values. From PC6 onwards, the CV curve stabilizes, reflecting 
the uniformity in MP distribution as more components are included. The 
red curve represents the fitted exponential function used to guide the 
selection of the optimal number of components. The green dot at PC5 
corresponds to the exponential criterion, where the slope of the tangent 
to the curve drops below a defined threshold, indicating stabilization. 
The pink dot at PC4 marks the last PC before the CV falls below the mean 
of all computed values (CV-Mean criterion). The black "x" denotes the 
number of PCs ultimately selected by the analyst to construct the SIMCA 
and MPS-SIMCA models, based on both criteria and model 
interpretability.

4.1.2. NIR dataset – tea samples
Fig. 2c presents the heatmap of Modeling Power (MP) across PCs, 

overlaid with the mean NIR spectrum of the target class (AGT). In the 
four lowest-order PCs, a diverse distribution of MP values is observed 
across the spectral variables. Notably, PCs 1 and 2 highlight spectral 
regions with consistently high MP values—particularly between 1000 
and 1100 nm, 1400–1800 nm, and 2200–2500 nm. Similar patterns are 
present in PCs 3 and 4, albeit with less pronounced contrast. From PC5 
onward, the MP distribution begins to stabilize, with a consistent 
number of high-MP variables observed across subsequent components. 
Unlike the UV–Vis dataset, however, this does not clearly indicate 
overfitting, as intermediate MP values persist even in higher PCs, sug
gesting that spectral contribution remains somewhat selective despite 
the broader variance coverage.

Fig. 2d displays the variation in the coefficient of variation (CV) of 
MP across PCs, with the CV values shown in blue along the y-axis and the 
PC indices along the x-axis. As observed in Fig. 2c, the lowest-order PCs 
combine highly informative variables with others of limited relevance, 
resulting in elevated CV values for PCs 1 through 4. From PC6 onward, 
the curve shows stabilization in MP variability. The red line represents 
the fitted exponential curve that models the CV decay across compo
nents. In contrast to the UV–Vis dataset, the NIR data present a slower 
exponential decay, reflecting the more gradual convergence in variable 
importance during the early PCs. This slower decay influenced the 
exponential slope criterion, whose suggestion—marked by the green dot 
at PC1—would involve the risk of underfitting data. The pink dot at PC3 
identifies the last component before the CV drops below the overall 
mean, representing a more robust alternative. Ultimately, the analyst 
opted for a parsimonious choice, marked by the black "x" at PC2, to 
balance variance modeling and avoid over- or underfitting in the 
resulting SIMCA and MPS-SIMCA models.

4.1.3. HPLC – CAD dataset – olive oil samples
Fig. 2e presents the heatmap of Modeling Power (MP) across suc

cessive PCs, overlaid with the mean HPLC-CAD chromatogram of the 
olive oil training set. As observed in the previous case studies, the MP 
values tend to increase uniformly across variables as more components 
are retained. In particular, PCs 1 to 5 reveal a heterogeneous distribution 
of MP values, with several variables exhibiting low modeling power in 
the early components and reaching high MP values only after PC5. This 
trend suggests that variable importance becomes progressively more 
uniform with increasing model complexity — a behavior that may signal 
a risk of overfitting beyond PC10 due to excessive inclusion of weakly 
informative variables.

Fig. 2f displays the curve of the coefficient of variation (CV) of the 
modeling power (MP) values across principal components (PCs) for the 
HPLC-CAD dataset of olive oils. As observed in the previous case studies, 
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Fig. 2. Heatmaps of Modeling Power (MP) across principal components (PCs) (left column) and corresponding coefficient of variation (CV) profiles (right column) 
for each dataset: (a–b) Edible Oils (target: SNF); (c–d) Tea Samples (target: AGT); (e–f) Olive Oil (target: OLO). In the heatmaps (a, c, e), the MP of each variable at 
each PC is displayed, overlaid with the mean spectrum/chromatogram of the target class, with standard deviation of the data, and horizontal dash line indicating A, 
the number of PC chosen to work with. In the CV plots (b, d, f), blue dots represent the CV of variables’ MP at each PC, the red line is the fitted exponential curve, the 
green square indicates the PC selected by the exponential slope criterion, the pink circle marks the last PC before the mean CV, and the black "x" denotes the final 
number of PCs selected by the analyst. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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the CV decreases as more components are retained, indicating a pro
gressive homogenization in the importance of retention time varia
bles—consistent with the uniform MP behavior discussed earlier.

According to the exponential slope criterion (green square), the 
optimal number of components is suggested to be PC2. In contrast, the 
CV-mean criterion (pink circle), which identifies the last component 
before the CV falls below the overall mean, suggests PC10. This 
discrepancy arises from the flattening of the CV curve beyond PC10, 
where several components exhibit similarly low CV values, thereby 
raising the average and delaying the mean-based cutoff point.

Considering both criteria and the goal of preserving model parsi
mony while avoiding overfitting, the final number of components 
selected by the analyst was PC3, as indicated by the black “x”. This 
choice balances early stabilization in MP variability with the need to 
retain enough structure to capture the main TAG-related features 
described previously.

4.2. Visualization of selected variables

Application of the three previously defined criteria for variable se
lection based on Modeling Power (MP) revealed chemically meaningful 
regions in the UV–Vis spectra of sunflower oil. In Fig. 3, variables 
selected according to each criterion are shown in blue, while those 
simultaneously meeting all three criteria are highlighted in red. Based 
on the correlation between MP and the compactness index, 89 out of the 
181 original variables (49.2 %) were selected, as shown in Fig. 3a. These 

variables are primarily located in the regions from 220 to 234 nm, 
241–264 nm, 289–317 nm, and 352–367 nm. These wavelengths 
correspond to π→π* electronic transitions in conjugated systems and 
oxidized pigments [28], indicating a strong contribution to class 
compactness and structure. The MP non-growth rate criterion retained 
133 variables (73.5 %), as presented in Fig. 3b, spanning from 220 to 
248 nm and from 297 to 400 nm. The intermediate region from 249 to 
296 nm was excluded, suggesting that these variables contribute pri
marily to higher PCs and may introduce instability or noise into the 
model. The fixed absolute threshold of MP, Fig. 3c, selected 90 variables 
(49.7 %), covering the range from 220 to 309 nm. This pattern aligns 
with the MP behavior observed in Fig. 2a, where variables beyond 310 
nm exhibited MP values below 0.6 in PC4.

A total of 25 variables (13.8 %) satisfied all three criteria simulta
neously. These wavelengths are concentrated in specific and chemically 
relevant regions: 220–234 nm, 241–247 nm, and 297–309 nm. The first 
two intervals encompass transitions typical of conjugated dienes and 
early-stage oxidation products [29], whereas the latter includes bands 
associated with natural antioxidants such as tocopherols, known 
markers of oxidative stability and botanical origin in vegetable oils [30]. 
As illustrated in Fig. 4a, the final set of selected variables reinforces the 
convergence of the criteria and the chemometric significance of the 
selection process, enhancing both interpretability and robustness of the 
class model.

When applied to the NIR dataset of tea samples, the variable selec
tion method based on MP was equally effective in identifying 

Fig. 3. MP-based variable selection. (a–c) UV–Vis (SNF); (d–f) NIR (AGT); (g–i) HPLC–CAD (OLO). Blue: variables selected by the criterium. Red: variables selected 
by all criteria. (a,d,g): MP–compactness correlation; (b,e,h): exclusion by MP growth (gray); (c,f,i): fixed MP threshold. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web version of this article.)
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informative regions. Using the correlation between MP and the 
compactness index of the target class as a first criterion, 733 variables 
(48.9 %) were selected for their contribution to class cohesion (Fig. 3d). 
The second criterion, based on the non-growth rate of MP across suc
cessive PCs, retained 1171 variables (78.1 %), reflecting a stability 
pattern in their modeling contribution (Fig. 3e). The third criterion led 
to the selection of 1206 variables (80.4 %), emphasizing descriptors 
with consistently strong modeling capacity (Fig. 3f), as also shown in 
Fig. 2c.

A total of 411 variables (27.4 %) satisfied all three criteria simulta
neously (Fig. 4b), defining regions that are chemically meaningful for 
the characterization of green tea. These variables are located in spectral 
intervals rich in absorption features related to key bioactive constitu
ents, including catechins, theanine, caffeine, and free amino acids. 
Moreover, the selected regions also capture structural signatures of the 
tea leaf matrix. The predominance of informative bands in the spectral 
ranges 1000–1100 nm, 1300–1500 nm, and 1900–2100 nm reinforces 
the relevance of both phenolic aromatic content and the hydric–struc
tural profile for class modeling [31–33].

When applied to the HPLC-CAD dataset of olive oil, the MP-based 
variable selection strategy demonstrated a strong capacity to isolate 
chromatographic regions of high class-representativeness. As shown in 
Fig. 3g–i, 47.5 % of the original variables were retained based on the 
Spearman correlation between MP and the compactness index, high
lighting regions that contribute to internal cohesion of the olive oil class. 
The MP non-growth criterion preserved 78.3 % of the variables, indi
cating a broad base of variables with stable modeling contribution 
across PCs. In contrast, the absolute MP threshold criterion was more 
selective, retaining 551 variables (13.8 %) with strong individual rep
resentation in the final PCA model. A total of 104 variables (2.6 %) 
simultaneously satisfied all three criteria.

These final selected variables (shown in Fig. 4c) are concentrated in 
well-defined chromatographic windows, notably around retention times 
of 9, 15–16, and 17 min. The region near 9 min likely captures early- 
eluting TAGs or minor polar constituents characteristic of specific 
olive oil cultivars or processing profiles. The 15–17 min region, on the 
other hand, aligns with the elution of major triacylglycerols—such as 
triolein (OOO), olein–palmitin (OOP), and olein–linolein (OOL)—which 
are key compositional markers of olive oil. These TAGs play a critical 
role in authenticity assessment, as their relative abundance and profiles 
distinguish olive oil from common adulterants like sunflower, soybean, 
and grapeseed oils [22].

4.3. SIMCA acceptance regions

Fig. 5 illustrates the acceptance regions defined by the proposed 
MPS-SIMCA model using SD and OD, for the training (Fig. 5a, d and 5g), 
validation (Fig. 5b, e and 5h), and test sets (Fig. 5c, f and 5i) applied to 
the edible oil (UV–Vis), tea (NIR), and olive oil (HPLC – CAD) datasets, 
respectively. In the training phase, green squares represent correctly 
accepted target-class samples (TP), yellow squares denote extreme 
samples still considered TP, and red squares indicate target-class sam
ples wrongly rejected as outliers (FN). For the UV–Vis oil data (Fig. 5a), 
two of the 18 training samples were classified as extremes, while no 
outliers were identified. In contrast, the NIR tea dataset (Fig. 5d) showed 
one outlier among 13 training samples. Moreover, olive oil data 
(Fig. 5g), presented 42 TP and 8 FN, out of 50 training samples. These 
results suggest that the variable selection strategy retained compact and 
representative variables, preserving internal class cohesion during 
model construction.

During internal validation using pseudo-samples generated by PCV, 
the acceptance region plots (Fig. 5b, e and 5h) reveal the model’s ability 
to generalize within the target class. Again, green squares indicate TP 
samples, while pink squares correspond to FN samples (target class 
samples incorrectly rejected). In the oil dataset (Fig. 5b), of the 18 
pseudo-samples were misclassified as outliers, while 13 were correctly 
accepted. For the tea dataset (Fig. 5e), 4 out of 13 pseudo-samples were 
classified as outliers. In the olive oil dataset (Fig. 5h), among 50, 14 were 
classified as FN meanwhile 36 as TP. These results highlight the 
increased challenge of maintaining model sensitivity during internal 
validation, especially for datasets with limited and heterogeneous 
sample structures.

Fig. 5c, f and 5i present the model performance on the test sets, 
including both target and non-target samples. In these panels, green 
squares denote TP, pink squares denote FN, red squares represent 
correctly rejected non-target samples (TN), and blue squares indicate 
non-target samples incorrectly accepted by the model (FP). For the oil 
dataset (Fig. 5c), the model achieved 10 TP and 15 TN, with no FN or FP. 
For the tea dataset (Fig. 5f), out of 31 test samples, 6 were correctly 
accepted as TP and 1 was a FN among the 7 target samples; among the 24 
non-target samples, 22 were correctly rejected (TN) and 2 were FP. In 
the olive oil dataset (Fig. 5i), all 21 target and 49 non-target samples 
were correctly classified (TP and TN, respectively). These findings are 
summarized into performance metrics (Sensitivity, Specificity, Preci
sion, F-Score, and MCC), which are reported in Table 1, where MPS- 
SIMCA is compared to SIMCA with no variable selection.

Fig. 4. Final set of selected variables (vertical blue lines) on the training set of the target class for each dataset: (a) UV–Vis spectrum of edible oils (target: SNF); (b) 
NIR spectrum of tea samples (target: AGT); (c) HPLC–CAD chromatogram of olive oil (target: OLO). The dashed line represents the mean spectrum/chromatogram, 
and the red and blue lines indicate the upper and lower standard deviation limits relative to the mean. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)
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4.4. Classification performance and statistical comparison

Table 1 summarizes the classification performance of SIMCA and 
MPS-SIMCA across studied datasets using multiple evaluation metrics. 
For the UV–Vis dataset (edible oils), training sensitivity was slightly 
reduced when variable selection was applied (SIMCA = 94 %, MPS- 
SIMCA = 89 %), and validation sensitivity also decreased slightly 
(SIMCA = 78 %, MPS-SIMCA = 72 %). However, in the test set, MPS- 
SIMCA achieved the maximum sensitivity score (100 %) compared to 
90 % for the full model. Specificity was 100 % for both approaches. As a 
result, MPS-SIMCA reached 100 % efficiency, precision, and F-score, 
while SIMCA achieved 95 %, 100 %, and 95 %, respectively. The Mat
thews Correlation Coefficient (MCC) also improved from 0.92 (SIMCA) 

to 1.00 (MPS-SIMCA), indicating complete agreement between pre
dicted and true classes.

For the NIR tea dataset, the training sensitivity improved from 85 % 
(SIMCA) to 92 % (MPS-SIMCA), while validation sensitivity remained 
unchanged at 85 % for both models. In the test set, both models achieved 
100 % sensitivity. However, MPS-SIMCA improved specificity from 83 
% to 87 %, efficiency from 91 % to 93 %, precision from 64 % to 70 %, 
and F-score from 78 % to 82 %. The MCC increased from 0.73 (SIMCA) 
to 0.82 (MPS-SIMCA), indicating better overall classification 
consistency.

For the chromatographic dataset based on HPLC-CAD, both models 
also achieved perfect classification on the test set, with 100 % sensi
tivity, specificity, precision, efficiency, F-score, and MCC. However, 

Fig. 5. Acceptance plots (Score Distance vs Orthogonal Distance) for SIMCA models with variable selection (MPS-SIMCA), applied to edible oils UV–Vis data 
(Fig. 5a–c), tea NIR data (Fig. 5d–f), and edible oils HPLS – CAD data (Fig. 5g–i). (a), (d), and (g): training sets; (b), (e), and (h): Procrustes-based validation sets; (c), 
(f) and (i): external test sets. Green squares: TP; yellow squares: extreme also TP; pink squares: FN; red squares: TN; blue squares: FP. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web version of this article.)

Table 1 
Classification performance metrics for training, validation, and test sets on SIMCA with all variables and for MPS-SIMCA (SIMCA with variable selection - VS).

Dataset Method A Train Validation Test

SEN SEN SEN SPC EFF PRC FSC MCC

Oil All 4 94 78 90 100 95 100 95 0.92
VS 4 89 72 100 100 100 100 100 1.00

Tea All 2 85 85 100 83 91 64 78 0.73
VS 2 92 85 100 87 93 70 82 0.78

Olive All 3 94 90 100 100 100 100 100 1.00
VS 3 84 72 100 100 100 100 100 1.00

SEN: Sensitivity (%); SPC: Specificity (%); EFF: Efficiency (%); PRC: Precision (%); FSC: F-Score (%); MCC: Matthews Correlation Coefficient.
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differences were observed in the internal modeling steps. The conven
tional SIMCA model, using all variables, reached 94 % sensitivity in 
training and 90 % in validation, with a compactness index of 3.47. In 
contrast, MPS-SIMCA, constructed with only 104 selected variables and 
three principal components, exhibited reduced sensitivity in training 
(84 %) and validation (72 %), but yielded a more compact class model 
(compactness = 2.08). These results reflect a common trade-off in var
iable selection: improved interpretability and model compactness at the 
cost of minor reductions in training sensitivity, without compromising 
performance on external data.

To compare the classification performance of the full SIMCA model 
with its variable-selection-based version (MPS-SIMCA), statistical tests 
were applied to the contingency tables derived from the test sets of the 
first two case studies. For the UV–Vis dataset (vegetable oils), the test set 
included 10 target samples (sunflower) and 15 non-target samples. 
Fisher’s exact test [34,35] indicated no statistically significant differ
ence between the models (p-value = 1.00). SIMCA correctly classified 24 
out of 25 samples, while MPS-SIMCA achieved perfect classification (25 
out of 25). Similarly, McNemar’s test [36], with continuity correction, 
revealed no significant sample-level disagreement (p-value = 1.00). The 
2 × 2 McNemar table showed agreement on 24 samples (a = 24), with 
one case correctly reclassified by MPS-SIMCA (c = 1), and no other 
disagreements (b = 0, d = 0).

For the NIR tea dataset, which involved 7 target samples (AGT) and 
24 non-target samples, the same statistical tests were applied. Fisher’s 
exact test again yielded a p-value of 1.00, indicating no significant dif
ference. SIMCA misclassified four samples, while MPS-SIMCA improved 
slightly with three misclassifications. McNemar’s test confirmed this 
result (p-value = 1.00), with agreement on 27 samples (a = 27), one 
correction by MPS-SIMCA (c = 1), and no disagreement in the opposite 
direction (b = 0, d = 3).

For the HPLC-CAD dataset (olive oil authentication), statistical 
comparison was not necessary, as both models achieved perfect classi
fication on the test set. Since SIMCA and MPS-SIMCA correctly classified 
all target and non-target samples, there were no classification errors to 
assess statistically. As such, no p-value could be computed, and both 
models can be considered equivalent in predictive performance for this 
dataset.

In summary, on the datasets tested in the present study, variable 
selection led to slightly improved or comparable results in all cases, with 
differences that were not statistically significant, differently from what 
was reported for other published strategies [15]. Nonetheless, these 
findings indicate that the proposed MPS-SIMCA strategy preserves the 
predictive capabilities of the original model, offering gains in inter
pretability and model compactness without compromising classification 
reliability.

It is worth noting that all datasets were mean-centered prior to 
modeling, which emphasizes variables with higher absolute variance, 
particularly in the first principal component. While such preprocessing 
is appropriate for spectroscopic and chromatographic analyses, it does 
not inherently guarantee optimal variable selection for classification. 
This potential limitation is addressed by the structure of the proposed 
method: variable selection is guided by the Modeling Power index 
calculated across all retained components, not just PC1. Furthermore, 
three additional criteria are applied to identify variables that consis
tently contribute to class compactness throughout the latent structure. 
This approach prevents overreliance on variance alone and supports the 
selection of chemically interpretable spectral or chromatographic re
gions, even when collinear or partially redundant. For example, in the 
NIR dataset, SNV preprocessing was applied before mean-centering to 
correct for scattering effects, demonstrating the method’s flexibility to 
integrate standard spectral correction techniques.

Although the datasets employed in this study are based on two- 
dimensional structures, the proposed variable selection strategy may 
be further investigated to extend its applicability to multi-way data 
structures, exploring how the Modeling Power-based criterion could be 

adapted to such frameworks. Several studies have demonstrated the 
effectiveness of multi-way SIMCA approaches for class modeling in 
higher-order datasets, such as MCR-SIMCA [37], N-way SIMCA [38], 
and N-way DD-SIMCA [39]. This extension could involve integration 
with tensor decomposition techniques or structured unfolding strate
gies, potentially broadening the applicability of the proposed method to 
techniques such as fluorescence spectroscopy, which yields excita
tion–emission matrices for each analyzed sample.

Since Modeling Power is derived from the structure of the latent 
variable space and reflects the contribution of each variable to class 
compactness, analogous metrics could be computed from tensor de
compositions (e.g., PARAFAC, Tucker models) or from mode-wise ana
lyses following structured unfolding. A multi-way version of the 
Modeling Power index could, for instance, quantify variable relevance 
across multiple modes, guiding the selection of meaningful subspaces in 
multi-way SIMCA frameworks. These adaptations, however, require 
dedicated mathematical formulations and are left as future 
developments.

Finally, although the proposed variable selection method was eval
uated on datasets characterized by high collinearity, its behavior in 
high-dimensional contexts with predominantly independent variables 
(e.g., omics data) remains an open question. In such cases—where 
redundancy is limited and variables act more independently—the 
Modeling Power index may distribute relevance more uniformly. This 
could reduce its discriminative ability and increase the risk of including 
variables only weakly associated with class compactness. Future studies 
could explore adaptations of the Modeling Power criterion, such as 
incorporating sparsity-inducing constraints or weighting schemes, to 
improve its performance in low-redundancy, high-dimensional settings.

5. Conclusion

The present study proposed and evaluated a Modeling Power-based 
variable selection algorithm tailored for rigorous one-class classifica
tion using SIMCA (MPS-SIMCA). By integrating three complementary 
criteria—correlation with class compactness, modeling power non- 
growth rate, and an absolute threshold—the algorithm enabled the 
identification of spectrally and chemically meaningful variables without 
requiring external class information. Initially applied to two distinct 
datasets involving UV–Vis and NIR spectroscopic data, MPS-SIMCA 
achieved comparable or improved classification performance relative 
to conventional SIMCA models that use the full spectral range.

The method was further tested using a third dataset composed of 
HPLC-CAD chromatographic profiles of olive oils. In this case, MPS- 
SIMCA preserved 100 % sensitivity and specificity on the external test 
set, while substantially reducing the number of variables and improving 
class compactness. Although training and validation sensitivities were 
modestly reduced compared to the full-variable model, the retention 
time regions selected reinforce the algorithm’s ability to retain critical 
features for classification while enhancing model interpretability.

Overall, MPS-SIMCA demonstrates that variable selection grounded 
in internal model criteria can effectively support the development of 
compact, interpretable, and reliable one-class models—essential attri
butes for practical implementation in routine analytical and quality 
control workflows. Future work may extend this approach to other class- 
modeling methods and automate parameter selection to increase 
reproducibility and applicability across broader domains of analytical 
chemistry.
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