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Abstract

The characterization of plant-derived extracts is strongly influenced by the extraction pro-
cedure and solvent polarity, which determine the recovery of bioactive compounds and
volatile constituents. In this study, an electronic nose (E-nose) based on a metal oxide semi-
conductor (MOS) sensor array was evaluated as a rapid analytical tool for the classification
of Cistus extracts obtained using solvents of different polarity. Leaves of Cistus salviifolius,
Cistus crispus, and Cistus ladanifer were sequentially extracted with hexane, diethyl ether,
tetrahydrofuran (THEF), chloroform, ethanol, and methanol. Extraction yield, total phe-
nolic content, flavonoid content, and antioxidant activity were determined, and volatile
fingerprints were acquired using the E-nose system. Chemometric analysis was performed
using principal component analysis (PCA) and partial least squares discriminant analy-
sis (PLS-DA). Differences were observed among extraction solvents regarding extraction
efficiency, phytochemical composition, and antioxidant activity. PCA successfully discrim-
inated extracts according to solvent polarity, explaining between 70.96% and 90.22% of
the total variance depending on the Cistus species analyzed. Furthermore, the PLS-DA
model achieved a classification accuracy of 87.5%, with sensitivity and specificity values of
87.5% and 97.5%, respectively. These results demonstrate that the combination of E-nose
technology and chemometric tools provides a rapid, non-destructive, and cost-effective
approach for the classification and characterization of Cistus extracts according to extraction
solvent, highlighting its potential application in quality control and process monitoring of
plant-derived products.

Keywords: analytical discrimination; electronic nose; chemometric analysis; volatile
organic compounds; multivariate data analysis

1. Introduction

The analysis of volatile organic compounds (VOCs) is relevant in food quality assess-
ment, environmental monitoring, plant science, and chemical sensing applications [1,2].
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Gas chromatography coupled to mass spectrometry (GC-MS) is widely regarded as a refer-
ence technique for VOC characterization because of its high sensitivity and selectivity [3];
however, its relatively complex and time-consuming procedures may limit its suitability
for rapid screening applications [4].

Electronic nose (E-nose) systems provide an alternative approach based on the global
characterization of volatile profiles [5]. Rather than identifying individual compounds,
E-noses combine arrays of partially selective sensors with pattern-recognition methods
to generate characteristic fingerprints of complex VOC mixtures [6-8]. Their rapid, non-
destructive, and cost-effective operation has promoted their application in analytical screen-
ing [9,10], particularly using metal oxide semiconductor (MOS) sensors [11]. MOS-based
E-noses have been applied to food authentication, plant discrimination, aroma profiling,
and quality control of natural products [8,11]. Nevertheless, their application to the dis-
crimination of Cistus extracts according to extraction solvent remains limited. Previous
studies on Cistus have mainly characterized volatile profiles using hydrodistillation, HS-
SPME, or simultaneous extraction followed by GC-MS or GC-FID [12,13], or investigated
the influence of extraction conditions on phenolic and flavonoid contents and biologi-
cal activity [14,15]. E-nose applications have instead focused primarily on essential oils,
adulteration, and terpene-related discrimination [16-18].

Chemometric analysis is essential for extracting useful information from multivariate
E-nose responses. Techniques such as principal component analysis (PCA) and supervised
classification methods facilitate visualization of sample patterns and discrimination based
on sensor fingerprints [9,19]. Their combination with sensor arrays therefore provides
a suitable strategy for analysing complex VOC datasets [14]. Extraction solvent polarity
strongly influences the composition of plant extracts by selectively recovering compounds
according to their physicochemical properties. This effect can modify both the chemical
composition and volatile fingerprint of the resulting extracts. Cistus species are partic-
ularly suitable for investigating these effects because they contain diverse volatile and
semi-volatile secondary metabolites, including terpenoids [10,15]. Accordingly, the present
study evaluates a MOS-based E-nose combined with chemometric analysis for the dis-
crimination of extracts from different Cistus species obtained using solvents of different
polarity. The approach is intended for rapid volatile fingerprinting and classification rather
than compound-specific identification, providing a complementary analytical strategy for
assessing differences associated with species and extraction conditions. Therefore, the
objective of this study was to assess the analytical potential of the E-nose-chemometrics
approach for the discrimination of complex plant-derived volatile matrices according to
Cistus species and extraction solvent [20,21].

2. Materials and Methods
2.1. Plant Material and Sample Preparation

Leaves of three Cistus species, namely Cistus salviifolius L., Cistus ladanifer L., and
Cistus crispus L., were collected in La Codosera (Badajoz, Spain; 39.192156 N, —7.174903 W;
442 m a.s.l.). Botanical identification was performed at the Herbarium of the Scientific
and Technological Research Center of the University of Extremadura. Voucher specimens
were deposited under accession numbers 088394 (C. salviifolius), 088395 (C. ladanifer), and
088396 (C. crispus). The samples were collected in the spring, when the plant exhibits
peak physiological activity, and 5 kg of fresh material was gathered. After collection,
plant material was air-dried at room temperature in the sample preparation laboratory
of the Ecology Area, Faculty of Sciences, University of Extremadura. Dried leaves were
subjected to solid-liquid extraction using a Soxhlet apparatus (Biichi, Flawil, Switzerland).
A sequential extraction procedure employing solvents of increasing polarity was carried
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out in order to obtain fractions enriched in different groups of phytochemicals. The solvents
used were hexane, diethyl ether, tetrahydrofuran (THF), chloroform, ethanol and methanol
(Sigma-Aldrich, St. Louis, MO, USA). After extraction, the solvents were removed under
reduced pressure (70 mmHg) using a rotary evaporator (R-210, Biichi Labortechnik AG,
Flawil, Switzerland). The evaporation temperature was adjusted according to the volatility
and boiling characteristics of each extraction solvent (hexane, diethyl ether, tetrahydrofuran,
chloroform, ethanol, and methanol) to ensure efficient solvent removal while minimizing
prolonged thermal exposure of the extracted compounds. After complete solvent removal,
the extraction yield was determined gravimetrically and expressed as the percentage of dry
extract relative to the initial mass of dry plant material. Prior to E-nose analysis, the dried
extracts were reconstituted in the corresponding extraction solvent at a concentration of
10 mg mL~!. Subsequently, a 20 mL aliquot of each reconstituted extract was transferred
to the analysis container. All measurements were performed at a controlled temperature of
25 °C. Before data acquisition, the samples were allowed to equilibrate for 10 min in the
closed container to promote the accumulation and stabilization of volatile compounds in
the headspace.

2.2. Determination of Total Phenolic Compounds

The total phenolic content (TPC) of the extracts was determined using the Folin—
Ciocalteu method according to Singleton and Rossi [22]. Briefly, 10 mg of each extract
was dissolved in 10 mL of methanol. Aliquots of 1 mL were mixed with 500 pL of Folin—-
Ciocalteu reagent (Sigma-Aldrich, St. Louis, MO, USA) and 6 mL of distilled water. After
5 min, 1.5 mL of sodium carbonate solution (20%, w/v) (Sigma-Aldrich, St. Louis, MO,
USA) and 1.9 mL of distilled water were added. The mixture was homogenized and
incubated for 1 h at room temperature. Absorbance was measured at 760 nm using
a UV-Vis spectrophotometer (Evolution 220, Thermo Fisher Scientific, Waltham, MA,
USA). Methanol was used as the blank. Gallic acid (Sigma-Aldrich, St. Louis, MO, USA)
was employed as the calibration standard, and results were expressed as mg gallic acid
equivalents (GAE) per gram of extract.2.3. Antioxidant Activity Assays

2.2.1. DPPH Radical Scavenging Assay

The antioxidant activity was evaluated using the DPPH radical scavenging (Sigma-
Aldrich, St. Louis, MO, USA) assay following the methodology described by Katalinic
etal. [23]. A methanolic DPPH solution (1 x 10~* M) was prepared and mixed with extract
solutions. Briefly, 1 mL of extract was added to 2 mL of DPPH solution and incubated in
darkness at room temperature for 45 min. Absorbance was recorded at 517 nm. Radical
scavenging activity was expressed as percentage inhibition according to the corresponding
equation. Quercetin was used as the reference antioxidant for calibration purposes.

2.2.2. ABTS Radical Cation Decolorization Assay

The 2,2'-Azinobis (3-ethylbenzothiazoline-6-sulfonic acid) (ABTS radical cation)
(Sigma-Aldrich, St. Louis, MO, USA) cation decolorization assay was performed according
to the method described by Stratil et al. [24]. The ABTSe+ radical cation was generated
by mixing ABTS solution (7 mM) with potassium persulfate (4.95 mM) in a 1:1 ratio and
allowing the mixture to react in darkness for 16 h. The resulting solution was diluted to
obtain an absorbance of approximately 1.2 at 734 nm. Subsequently, 0.1 mL of extract was
mixed with 3.9 mL of ABTS solution and incubated in darkness for 10 min. Absorbance
was measured at 734 nm. Antioxidant activity was expressed as percentage inhibition and
quantified using a quercetin calibration curve.
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2.3. Determination of Total Flavonoid Content

Total flavonoid content (TFC) was determined using the aluminum chloride colorimet-
ric method described by Chang et al. [25]. Briefly, 90 pL of extract was mixed with 1.91 mL
of methanol, 0.1 mL of ethanolic AICl3 solution (5%, w/v), and 2.9 mL of methanol. The
mixture was incubated at room temperature for 10 min, and absorbance was measured
at 425 nm using a UV-Vis spectrophotometer (Evolution 220, Thermo Fisher Scientific,
Waltham, MA, USA). Quantification was performed using a quercetin calibration curve,
and the results were expressed as mg quercetin equivalents (QE) per gram of dry extract.

2.4. Electronic Nose Analysis

Volatile fingerprints of the extracts were analyzed using an E-nose prototype devel-
oped by Extremadura University (Spain), based on the instrumental architecture previously
described by Arroyo et al. (2020) [26]. The device integrates four commercially available
digital metal oxide semiconductor (MOX) sensor modules: BME680 (Bosch Sensortec),
SGP30 (Sensirion), CCS811 (ScioSense), and iAQ-Core (ScioSense) (ScioSense, Eindhoven,
The Netherlands). The BME680 provides temperature (°C), atmospheric pressure (hPa), rel-
ative humidity (% RH), and gas resistance ((2); the SGP30 provides equivalent CO, (eCO5,,
ppm), total volatile organic compounds (TVOC, ppb), and raw Hj;- and ethanol-related sig-
nals; while the CCS811 and iAQ-Core provide CO;-equivalent/eCO, and TVOC responses
together with sensor-resistance-related outputs (Temperature, atmospheric pressure, and
relative humidity were used to monitor measurement conditions and were not considered
analytical variables for discrimination. Prior to E-nose analysis, dried extracts were re-
constituted in their corresponding extraction solvent at a concentration of 10 mg mL ™.
Subsequently, 20 mL of each extract was transferred to a 25 mL glass vial and equilibrated
for 10 min at 25 °C to promote stabilization of the volatile headspace. The E-nose was then
exposed directly to the sample headspace for 60 s without the use of an external carrier
gas. Sensor responses were recorded at 1 s intervals, following the acquisition procedure
previously described for this E-nose platform, resulting in 60 temporal readings per sensor
output during each sample-exposure period. After each measurement, the sensor array
was exposed to a separate container containing silica gel for 30 s to facilitate desorption of
residual volatile compounds and recovery of the sensor response before the subsequent
analysis (Figure 1).

Sensor outputs were processed according to the acquisition and signal-processing
procedures implemented in the E-nose platform, including signal averaging, baseline com-
pensation, and humidity correction where applicable. The temporal readings obtained dur-
ing each acquisition were summarized to generate representative sensor-response values
for subsequent multivariate analysis and were not considered independent experimental
observations. The resulting gas-related sensor responses constituted the volatile fingerprint
used for PCA and supervised chemometric analysis. The main target gases/compounds,
recorded signal, measurement cycle, and their treatment prior to chemometric analysis are
summarized in Table 1.

Table 1. Electronic nose sensor modules, recorded signals, measurement units, sampling intervals,
and data treatment prior to chemometric analysis.

Included in

Sensor Module Recorded Signal Unit Sampling Chemometric Preprocessing/Feature
Interval .
Matrix
BME680 Temperature °C 1s No Environmental monitoring
BME680 Atmospheric pressure hPa 1s No Environmental monitoring
BME680 Relative humidity % RH 1s No Environmental monitoring
BME680 Gas resistance Q 1s Yes Representative response
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Table 1. Cont.

Included in

Sensor Module Recorded Signal Unit SIamphng Chemometric Preprocessing/Feature
nterval .
Matrix

SGP30 eCO, ppm 1s Yes Representative response
SGP30 TVOC ppb 1s Yes Representative response
SGP30 Hj-related signal Raw data ! 1s Yes Representative response
SGP30 Ethanol-related signal Raw data ! 1s Yes Representative response
CCS811 eCO, ppm 1s Yes Representative response
CCSs811 TVOC ppb 1s Yes Representative response
CCS811 Sensor resistance Q 1s Yes Representative response
iAQ-Core CO»-equivalent ppm 1s Yes Representative response
iAQ-Core TVOC ppb 1s Yes Representative response
iAQ-Core Sensor resistance Q 1s Yes Representative response

(A) Experimental setup (B) Internal view of the E-nose (sensor chamber)

BME680
(Bosch Sensortec)

Silica gel
recovery
container

SGP30

CCsal1
(ScioSense)

\

|
@
@
2

iAQ-Core |
(ScioSense)
Measurement step e Recovery step
(60 s sample exposure) (30 s desorption)
S R e R S AR L A ey . SFLTRIRT .
Electronic architecture Measurement cycle
o e N y N
* Bluetooth module .___,))) Signals recorded (per 15) | 1. Headspace 2. Sample 3. Recovery / 4. Next
[ tion batery ] RN4ETT) SCS i | equilibration exposure desorption measurement
3700

L

Smartphane / |
Data acquisition * eCO; (ppm) |
(Android app) « TVOC (ppb) |
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L e e T, at25°C (accqisiion every 15) (desorption)
] Power [[] Power management Communication ] Gas sensors Environmental sensors T |

(CO,, TVOC, H, ethanol, resistance)  (temperature, humidiy, pressure)
Cycle repeated for all samples

Figure 1. Electronic nose device and experimental setup used for volatile fingerprint analysis of
Cistus extracts. (A) Experimental setup during sample headspace exposure (60 s) and sensor recovery
using silica gel (30 s) between consecutive measurements. (B) Internal view of the E-nose showing
the integrated digital sensor modules (BME680, SGP30, CCS811, and iAQ-Core). (C) Schematic
representation of the electronic architecture, including power management, microcontroller, Blue-
tooth communication, sensor modules, and recorded signals. (D) Measurement cycle applied to
each sample, comprising headspace equilibration (10 min at 25 °C), sample exposure (60 s), and
sensor recovery/desorption using silica gel (30 s) before the subsequent measurement. After each
measurement, the E-nose was transferred to a separate container containing silica gel for a 30 s
recovery/desorption period. This step promoted the desorption of residual volatile compounds
and allowed the sensor responses to approach their pre-exposure baseline before the subsequent
measurement, thereby minimizing potential carryover. No external clean-air or inert-gas purge was
used because the portable E-nose operates under a static-headspace configuration without an external
carrier-gas or pumping system.
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After the equilibration period, the E-nose sensors were directly exposed to the volatile
atmosphere generated within the container for an acquisition time of 1 min. No external
carrier gas or controlled gas flow was employed, as the sensor array interacted directly with
the volatile compounds present in the sample headspace. The analysis vessels were 25 mL
glass headspace vials with screw-cap closures, to which the E-nose was coupled to ensure
a perfect seal. The E-nose remained connected to the vial throughout the equilibration
period, with the adsorption and desorption phases controlled by software. After each
measurement, the E-nose was transferred to a separate container containing silica gel for
30 s to facilitate the desorption of residual volatile compounds and the recovery of the sensor
response before the subsequent analysis. All measurements were performed at a controlled
temperature of 25 °C. The signals generated by the sensing elements were acquired and
processed using embedded algorithms for signal averaging, humidity correction, and
baseline compensation. Data acquisition and sampling intervals were controlled through
ASClI-based communication protocols, while the integrated microprocessor collected,
formatted, and transmitted the sensor responses via Bluetooth to an external smart device.
After each sample measurement, a desorption and sensor recovery step was performed by
exposing the E-nose to a separate container containing silica gel. This procedure facilitated
the removal of residual volatile compounds and the recovery of the sensor responses before
the subsequent analysis. In addition, solvent blanks were analyzed using the corresponding
extraction solvent to assess potential background contributions to the sensor signals. Finally,
the recorded data were transferred to a computer and organized into a structured data
matrix for subsequent statistical and chemometric analysis [27-30].

2.5. Chemometric and Statistical Analysis

Three independent extractions were prepared for each combination of Cistus species
and extraction solvent, representing three independent experimental replicates. Each
independent extract was subsequently measured three times with the electronic nose, cor-
responding to three technical E-nose replicates per extract. During each E-nose acquisition,
multiple temporal sensor readings were recorded over the 60 s measurement period at 1 s
intervals; these temporal readings were averaged and were not treated as independent
replicates. Thus, independent extractions, technical E-nose measurements, and within-
acquisition temporal readings represented three distinct levels of the experimental design.
The chemometric dataset was constructed from the resulting averaged E-nose responses af-
ter data-quality screening and removal of measurements considered unsuitable for analysis.
After data-quality screening, the final dataset used for supervised chemometric analysis
comprised 73 retained E-nose observations: 12 for hexane (Merck, Darmstadt, Germany),
12 for diethyl ether (Merck, Darmstadt, Germany), 12 for etrahydrofuran (THF) (Merck,
Darmstadt, Germany), 12 for chloroform (Merck, Darmstadt, Germany), 13 for ethanol
(Merck, Darmstadt, Germany), and 12 for methanol (Merck, Darmstadt, Germany). The un-
equal class sizes resulted from the exclusion of measurements during data-quality screening.
The PLS-DA model was internally evaluated using five-fold cross-validation. In each itera-
tion, four folds constituted the training set used to build the model, whereas the remaining
fold was held out and used exclusively for internal validation. The sensor-response features
used as input variables were obtained from the acquisition and signal-processing procedure
described in Section 2.5 before construction of the chemometric dataset. No additional
fold-specific preprocessing was applied during cross-validation. Classification performance
was evaluated in terms of accuracy, sensitivity, and specificity. For the multiclass PLS-DA
model, sensitivity and specificity were calculated using a one-versus-rest approach, in
which each solvent class was successively considered as the positive class and all remaining
classes as the negative class. Sensitivity was calculated as TP /(TP + FN), whereas specificity
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was calculated as TN /(TN + FP). Volatile fingerprint data obtained from the electronic nose
were subjected to principal component analysis (PCA) using SPSS Statistics version 18.0
(SPSS Inc., Chicago, IL, USA). PCA was applied to reduce data dimensionality and visualize
clustering patterns among extracts obtained using different solvents. The percentage of
variance explained by the principal components was used to evaluate the discriminatory
capability of the electronic system.

3. Results and Discussion
3.1. Extraction Yield of Cistus spp. Extracts Obtained with Solvents of Different Polarities

The extraction yields obtained from Cistus salviifolius, Cistus crispus, and Cistus ladanifer
using solvents of increasing polarity are presented in Figure 2. Differences were observed

among solvents and plant species, suggesting an influence of solvent polarity on extraction
efficiency and metabolite recovery.

30

mmm C. salviifolius
C. crispus
25 mmm C. ladanifer

Extraction yield (%)

e < ok o o o
wer® e & < d\\o‘oﬁo‘ e V'\e“‘a“
€

Solvent

Figure 2. Extraction yields (%) obtained for Cistus salviifolius, Cistus crispus, and Cistus ladanifer using
solvents of increasing polarity. THF showed the highest extraction efficiency for all species, whereas
chloroform produced the lowest yields.

Among the solvents evaluated, tetrahydrofuran (THF) provided the highest extraction
yields for all species, reaching 29.18% for C. salviifolius, 24.78% for C. crispus, and 9.56%
for C. ladanifer. In contrast, chloroform exhibited the lowest extraction efficiencies, with
yields below 1% in all cases. Intermediate extraction yields were obtained with hexane and
diethyl ether, whereas ethanol and methanol showed moderate extraction performance.

The differences observed among solvents can be attributed to their physicochemical
properties, particularly polarity, which strongly influences the solubility of plant secondary
metabolites and consequently extraction efficiency [29,30]. Solvents with intermediate
polarity, such as THF and diethyl ether, may facilitate the extraction of a broader range of
compounds, including volatile constituents and moderately polar phytochemicals, which
are abundant in species of the genus Cistus spp. [31].

Species-specific differences were also detected. C. salviifolius exhibited the highest
extraction yields overall, whereas C. ladanifer consistently showed lower recovery values
regardless of the solvent employed. Similar variations among Cistus species have been
reported previously and have been associated with differences in their phytochemical
composition and metabolite distribution [32,33]. The marked variation in extraction yields
suggests that solvents of different polarity recovered distinct fractions of secondary metabo-
lites. Since these compounds contribute directly to the volatile profile of plant extracts,
differences in solvent extraction are expected to generate characteristic volatile finger-
prints that may be detected and discriminated by the electronic system. This hypothesis
was further explored through chemometric analysis of sensor response. The substantial
differences in extraction yield observed among solvents suggest that distinct groups of
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metabolites were recovered depending on solvent polarity. Consequently, the resulting
extracts are expected to exhibit different volatile fingerprints, which may be discriminated
by the electronic nose system.

3.2. Phytochemical Characterization of Cistus Extracts

The phytochemical characterization of the extracts revealed substantial differences
among extraction solvents and Cistus species (Figures 3 and 4). Total phenolic content,
total flavonoid content, and antioxidant activity varied considerably depending on the
extraction medium, indicating the selective recovery of bioactive compounds according to
solvent polarity.

60 Bl C. salviifolius
mmm C. crispus

mmm C. ladanifer
50 4

m .II I

e
o o
\e

w N
o o

TPC (mg GAE/g)

N
o

o

e
\c\e*a \\\0“’K “‘a“ e

Solvent

Figure 3. Total phenolic content (TPC) of Cistus salviifolius, Cistus crispus, and Cistus ladanifer extracts
obtained using solvents of different polarity. THF extracts showed the highest phenolic concentrations
in all three species, indicating an enhanced extraction efficiency for phenolic compounds.

Em C. salviifolius
W C. crispus
25 mmm C. ladanifer

20 A
151
10 A I

X
\)\e*a“ o e
S
o

DPPH inhibition (%)

v

o

\\\0‘0‘\ ““3“ e‘“a“

Solvent
Figure 4. DPPH radical scavenging activity (%) of Cistus salviifolius, Cistus crispus, and Cistus ladanifer
extracts obtained using solvents of different polarity. The highest antioxidant activities were generally
observed in ethanolic and methanolic extracts, highlighting the influence of solvent polarity on the
recovery of antioxidant compounds.

Among the evaluated extracts, THF and methanol generally exhibited the highest total
phenolic contents, particularly in C. salviifolius, suggesting a greater affinity of these sol-
vents for phenolic constituents. In contrast, flavonoid concentrations were predominantly
associated with diethyl ether extracts, highlighting the influence of solvent polarity on the
extraction of specific classes of secondary metabolites. The antioxidant activity measured
by DPPH and ABTS assays also showed differences among extracts. In general, ethanolic
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extracts displayed the highest DPPH radical scavenging activity, whereas lower antioxidant
capacities were observed in extracts obtained with less suitable solvents. Similar trends
have been reported in previous studies on Cistus species, where solvent selection strongly
influenced both phytochemical composition and antioxidant potential [32,33].

The variability observed in phenolic compounds, flavonoids, and antioxidant activ-
ity confirms that each solvent recovered distinct phytochemical fractions. Since many of
these compounds contribute directly or indirectly to the volatile composition of plant
extracts, differences in phytochemical profiles are expected to generate characteristic
volatile fingerprints.

3.3. E-Nose-Based Discrimination of Cistus Extracts

The discrimination capability of the electronic system was evaluated through princi-
pal component analysis (PCA) of the sensor responses obtained from the different Cistus
extracts. The objective was to determine whether the volatile fingerprints generated by ex-
tracts obtained with solvents of different polarity could be differentiated using a rapid and
non-destructive analytical approach. E-noses based on metal oxide semiconductor (MOS)
sensors have been widely applied for the characterization of complex volatile mixtures and
the classification of plant-derived materials due to their sensitivity to changes in volatile
composition [34]. The PCA score plots revealed distinct clustering patterns according to
the extraction solvent, indicating that the electronic nose successfully detected differences
in the volatile composition of the evaluated samples. The separation observed among
extracts suggests that solvent polarity strongly influenced the composition of the recovered
metabolites, resulting in characteristic volatile profiles that could be distinguished by the
sensor array. Similar discrimination patterns have been reported in previous studies where
electronic devices were combined with chemometric techniques for the classification of
botanical materials and natural products [35]. Variations in chemical composition are
expected to influence the release of volatile compounds and consequently modify the re-
sponse pattern of the sensor array. Such relationships between phytochemical composition
and volatile fingerprints have been widely documented in plant matrices and aromatic
species [36]. The combination of electronic nose technology and PCA demonstrated a
strong capacity to discriminate among Cistus extracts obtained using different extraction
systems. This approach provides a rapid, non-destructive, and cost-effective alternative to
conventional analytical methodologies for the characterization and classification of plant-
derived extracts. To further evaluate the discrimination performance of the system, PCA
was performed separately for each of the studied species. (See Figure S1)

3.3.1. PCA-Based Discrimination of Cistus salviifolius Extracts

Principal component analysis (PCA) was applied to the electronic nose responses ob-
tained from Cistus salviifolius extracts prepared using solvents of different polarity (Figure 5).
The first two principal components explained 70.96% of the total variance, with PC1 and
PC2 accounting for 63.42% and 7.54%, respectively. The relatively high percentage of
explained variance indicates that the sensor array successfully captured the main sources of
variability associated with the volatile fingerprints of the evaluated extracts. The PCA score
plot revealed a clear separation among the different extraction solvents, demonstrating the
ability of the electronic nose to discriminate extracts according to their volatile composition.
Hexane extracts were clearly separated from the remaining samples along the negative side
of PC1, whereas THF, ethanol, methanol, diethyl ether, and chloroform extracts occupied
distinct regions of the score space. The observed clustering patterns indicate differences in
the multivariate E-nose response among extracts obtained with different solvents. However,
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these PCA results should be interpreted as exploratory, particularly for groups represented
by a reduced number of retained observations.

PCA Score Plot - Cistus salviifolius Extracts

1.0
Extraction solvent
A \ 3 1 @ Hexane
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Figure 5. Principal component analysis (PCA) score plot obtained from the E-nose responses of
Cistus salviifolius extracts prepared using solvents of different polarity. PC1 and PC2 explained
63.42% and 7.54% of the total variance, respectively, accounting for 70.96% of the total variability.
Numbers indicate the extraction solvent: (1) Hexane, (2) Diethyl ether, (3) Tetrahydrofuran (THF),
(4) Chloroform, (5) Ethanol, and (6) Methanol. The score plot shows clear discrimination among
extracts and extraction systems. Each point represents an averaged E-nose measurement obtained
from a Cistus extract; temporal sensor readings recorded within an individual acquisition were
averaged and were not treated as independent observations.

A close spatial relationship was observed between THF and ethanolic extracts, suggest-
ing similarities in their volatile profiles despite differences in solvent polarity. In contrast,
methanolic, chloroform, and diethyl ether extracts formed independent clusters, indicating
that each extraction system recovered a specific fraction of volatile and semi-volatile com-
pounds. The discrimination achieved in the present study is in agreement with previous
investigations reporting the successful application of electronic noses combined with PCA
for the classification of medicinal plants and botanical materials. Similar clustering pat-
terns have been reported for aromatic and medicinal plants, where differences in volatile
composition were effectively translated into characteristic sensor-response fingerprints and
subsequently discriminated through multivariate statistical analysis.

Furthermore, electronic systems have been widely recognized as rapid and non-
destructive analytical tools for the characterization and quality assessment of medicinal and
aromatic plant products. The combination of sensor arrays and chemometric approaches
such as PCA has proven particularly useful for differentiating complex plant matrices based
on their volatile signatures. The PCA results demonstrate that the volatile fingerprints
of C. salviifolius extracts were strongly influenced by the extraction solvent and confirm
the suitability of the electronic nose as a rapid, non-destructive, and cost-effective tool
for extract classification. The clear discrimination observed among the evaluated extracts
supports the potential application of this methodology in phytochemical characterization
and quality-control studies of plant-derived products.

3.3.2. PCA-Based Discrimination of Cistus crispus Extracts

Principal component analysis (PCA) was performed on the electronic nose responses
obtained from C. crispus extracts prepared using solvents of different polarity (Figure 6).
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The first two principal components explained 90.22% of the total variance, indicating
that the sensor array captured almost all the relevant information associated with the
volatile fingerprints of the evaluated extracts. This high percentage of explained variance
demonstrates the suitability of the electronic nose system for the characterization and
classification of C. crispus extracts.

PCA Score Plot - Cistus crispus Extracts
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Figure 6. Principal component analysis (PCA) score plot obtained from the electronic nose responses
of Cistus crispus extracts prepared using solvents of different polarity. The first two principal compo-
nents explained 90.22% of the total variance. Numbers indicate the extraction solvent: (1) Hexane,
(2) Diethyl ether, (3) Tetrahydrofuran (THF), (4) Chloroform, (5) Ethanol, and (6) Methanol. The score
plot shows a clear discrimination among extracts according to solvent polarity and extraction system.

The PCA score plot revealed a clear separation among the different extraction solvents,
with all samples forming well-defined clusters and showing minimal overlap between
confidence regions. Such clustering behaviour indicates good repeatability of the measure-
ments and highlights the strong influence of solvent polarity on the volatile composition of
the obtained extracts. Distinct groupings were observed throughout the PCA space, sug-
gesting that each extraction solvent recovered specific fractions of volatile and semi-volatile
compounds. Hexane extracts were clearly separated from the remaining samples, whereas
diethyl ether, THF, chloroform, ethanol, and methanol extracts occupied independent re-
gions of the score plot. The marked separation among clusters confirms that the E-nose was
able to detect subtle differences in volatile composition generated by the extraction process.

Similar results have been reported for medicinal and aromatic plants, where elec-
tronic noses combined with PCA successfully discriminated plant materials according
to differences in their volatile fingerprints and chemical composition [37,38]. The use of
chemometric techniques together with sensor arrays has proven particularly effective for
the rapid characterization and classification of complex botanical matrices [28,39]. The high
percentage of explained variance and the clear separation observed among solvent extracts
demonstrate the robustness of the proposed methodology and confirm the potential of elec-
tronic technology as a rapid, non-destructive, and cost-effective tool for the classification of
C. crispus extracts.

3.3.3. PCA-Based Discrimination of Cistus ladanifer Extracts

Principal component analysis (PCA) was applied to the electronic nose responses ob-
tained from Cistus ladanifer extracts prepared using solvents of different polarity (Figure 7).
The first two principal components explained 79.96% of the total variance, with PC1 and
PC2 accounting for 57.70% and 22.26%, respectively. This high percentage of explained vari-
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ance indicates that the electronic nose successfully captured the major sources of variability
associated with the volatile fingerprints of the evaluated extracts. The PCA score plot
revealed a clear discrimination among extracts obtained using different solvents. Distinct
and well-defined clusters were observed throughout the score space, with minimal overlap
between confidence ellipses, demonstrating good repeatability of the measurements and
strong discrimination capability of the sensor array. The distribution of the samples along
both PC1 and PC2 indicates that solvent polarity exerted a substantial influence on the
volatile composition of the extracts.

PCA Score Plot - Cistus ladanifer Extracts
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Figure 7. Principal component analysis (PCA) score plot obtained from the electronic nose responses
of Cistus ladanifer extracts prepared using solvents of different polarity. PC1 and PC2 explained 57.70%
and 22.26% of the total variance, respectively, accounting for 79.96% of the variability. Numbers indi-
cate the extraction solvent: (1) Hexane, (2) Diethyl ether, (3) Tetrahydrofuran (THF), (4) Chloroform,
(5) Ethanol, and (6) Methanol. The score plot shows a clear discrimination among extracts according
to solvent polarity and extraction system.

Hexane and diethyl ether extracts were clearly separated from the remaining samples
along the negative side of PC1, whereas THF, chloroform, ethanol, and methanol extracts
occupied different regions of the positive PC1 axis. In particular, ethanol extracts were
strongly differentiated along the negative side of PC2, while THF extracts appeared in the
upper region of the score plot, suggesting the recovery of distinct groups of volatile and
semi-volatile compounds. The separation observed among the solvent extracts confirms
that each extraction system generated characteristic volatile fingerprints that could be
effectively detected by the electronic nose.

These observations are consistent with the phytochemical characterization results,
where substantial differences in total phenolic content and antioxidant activity were found
among extraction solvents. Since the extraction solvent determines the type and abun-
dance of metabolites recovered from plant matrices, differences in volatile composition are
expected and may explain the clustering behaviour observed in the PCA model.

Similar discrimination patterns have been reported in previous studies involving
medicinal and aromatic plants, where E-noses combined with PCA successfully differ-
entiated samples according to their volatile profiles and chemical composition [37,38].
Furthermore, the combination of metal oxide semiconductor (MOS) sensor arrays and
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chemometric tools has demonstrated considerable potential for the rapid characterization
and classification of botanical materials and plant-derived products [28,39].

3.4. Supervised Classification and Model Validation

Although the PCA score plots showed clear exploratory separation among several
solvent groups, PCA is an unsupervised dimensionality-reduction technique and does not
directly provide class predictions. Consequently, the visual separation observed by PCA
cannot be directly compared with the predictive accuracy obtained using a supervised
classification model. PLS-DA was therefore retained as the supervised approach because it
provides explicit class predictions whose performance can be evaluated by cross-validation.
To further evaluate the analytical performance of the proposed methodology, a partial
least squares discriminant analysis (PLS-DA) model was developed using the E-nose
responses as predictor variables and the extraction solvent as the classification variable.
Unlike PCA, which is an unsupervised exploratory technique, PLS-DA maximizes class
separation and provides information regarding the predictive capability of the analytical
model. The PLS-DA score plot (Figure 8) showed a clear discrimination among extracts
obtained using the six extraction solvents. All classes formed compact and well-defined
clusters, indicating that the volatile fingerprints acquired by the E-nose contained sufficient
information for reliable solvent classification. All classes formed compact clusters with
only limited proximity between some neighboring groups and no evident class overlap.

PLS-DA score plot
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Figure 8. Partial least squares discriminant analysis (PLS-DA) score plot obtained from the E-nose
responses of Cistus extracts prepared using different extraction solvents. Numbers indicate the
solvent class: (1) Hexane, (2) Diethyl ether, (3) Tetrahydrofuran (THF), (4) Chloroform, (5) Ethanol,
and (6) Methanol. The model shows a clear discrimination among extraction systems, demonstrating
the suitability of the electronic nose for supervised classification of plant extracts.

The first latent variable primarily separated extracts obtained with less polar solvents
from those extracted using more polar solvent systems, whereas the second latent variable
further enhanced class discrimination by resolving solvent-specific differences within these
groups. Similar clustering patterns have been reported in previous studies employing
E-noses combined with supervised chemometric techniques for the classification of plant-
derived products and medicinal plants [26,28].

The compact distribution of the samples within each class demonstrates good re-
peatability of the analytical measurements, whereas the substantial inter-cluster distances

https:/ /doi.org/10.3390/chemosensors14090197


https://doi.org/10.3390/chemosensors14090197

Chemosensors 2026, 14, 197

14 of 18

between class centroids indicate substantial differences in volatile composition among
extraction systems. These results confirm that solvent polarity strongly influences the
volatile fingerprints of Cistus extracts and can therefore be effectively monitored using
electronic nose technology. The internal predictive performance of the PLS-DA model was
assessed by five-fold cross-validation. The classification model achieved an accuracy of
87.5%, together with sensitivity and specificity values of 87.5% and 97.5%, respectively.
Comparable applications have demonstrated the potential of E-nose systems coupled with
supervised chemometric approaches for advanced screening purposes. Piergiovanni et al.
(2025) [27], for example, applied an E-nose combined with PLS-DA for the detection of
ergot alkaloid contamination in wheat, achieving 95.5% correct classification. Importantly,
the sensor-based discrimination was complemented by HS-SPME/GC-Orbitrap HRMS
analysis, which enabled characterization of the volatile compounds associated with the dif-
ferent sample groups. This combined strategy illustrates the complementary roles of E-nose
fingerprinting for rapid screening and chromatographic-mass spectrometric techniques for
compound-specific characterization [27,40-42].

Interestingly, the spatial arrangement of the clusters followed a trend broadly with
solvent polarity, suggesting that extraction selectivity strongly influences the volatile compo-
sition detected by the E-nose. This observation further supports the capability of the sensor
array to capture systematic compositional changes associated with the extraction process.

The PCA loading plots provided additional information on the sensor variables con-
tributing to the multivariate patterns observed in the score plots. For C. salviifolius, PC1
was mainly associated with positive contributions from the SGP30 CO;-equivalent and
CCS811-related responses, whereas SGP30 H;- and VOC-related variables showed compar-
atively strong negative contributions. PC2 was particularly influenced by the SGP30 VOC-
and Hj-related responses, while some iAQ-Core variables were located predominantly
in the negative PC2 region. For C. crispus, a similar distribution of sensor responses was
observed, although the relative contribution of the individual variables to PC1 and PC2
differed, indicating species-dependent variation in the volatile fingerprints. In C. ladanifer,
the orientation of the loading vectors again showed contributions from several sensor
modules rather than dominance by a single sensor (Figure 9).
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Figure 9. PCA loading plots showing the contribution of E-nose variables to PC1 and PC2 for
(A) Cistus salviifolius, (B) Cistus crispus, and (C) Cistus ladanifer. The direction and magnitude of
the loading vectors indicate the association and relative contribution of each sensor variable to the
corresponding principal components.

The confusion matrix obtained from five-fold cross-validation provided further insight
into the classification performance of the PLS-DA model (Table 2). Most samples were cor-
rectly assigned to their corresponding solvent classes, confirming the strong discriminative
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capability of the electronic nose system toward differences in volatile profiles generated by
the extraction solvents. The predominance of correctly classified samples along the main
diagonal of the matrix was further reflected by the high class-specific sensitivity values
obtained for most solvent classes.

Table 2. Confusion matrix obtained after five-fold cross-validation of the PLS-DA model.

Real/Predicted Hexane Diethyl Ether THF Chloroform Ethanol Methanol
Hexane 12 0 0 0 0 0
Diethyl ether 0 11 1 0 0 0
THF 0 1 11 0 0 0
Chloroform 0 0 0 11 1 0
Ethanol 0 0 0 0 10 3
Methanol 0 0 1 1 1 9

The final supervised dataset comprised 73 retained E-nose observations, with slightly
unequal class sizes resulting from data-quality screening. The confusion matrix obtained
from five-fold cross-validation provided further insight into the classification performance
of the PLS-DA model. Perfect classification was achieved for hexane extracts, with all
samples correctly identified and no misclassifications observed, resulting in a sensitivity of
100% (Table 3). This result indicates that hexane extraction produced a highly distinctive
volatile fingerprint that was clearly differentiated from those obtained with the remaining
solvents. The absence of confusion with any other class suggests that the compounds
extracted under highly non-polar conditions generated a unique sensor response pattern.
The present approach was specifically designed for rapid pattern-based discrimination
rather than compound-specific VOC characterization. Accordingly, the E-nose responses
should be interpreted as multivariate volatile fingerprints, while complementary chromato-
graphic techniques such as GC-MS would provide a different and compound-specific level
of analytical information.

Table 3. Class-specific sensitivity values (%) obtained from the PLS-DA model after five-fold cross-
validation of E-nose responses from Cistus extracts prepared using different extraction solvents.

Solvent Sensitivity (%)
Hexane 100
Diethyl ether 91.7
THF 91.7
Chloroform 91.7
Ethanol 76.9
Methanol 75

Diethyl ether and THF extracts exhibited similarly high classification rates, with only
one sample misclassified in each direction, corresponding to sensitivity values of 91.7%
for both classes. This reciprocal confusion likely reflects certain similarities in the volatile
composition of extracts obtained with these solvents, which possess intermediate polarity
and may extract partially overlapping groups of metabolites. Nevertheless, the very low
error rate demonstrates that the electronic nose was capable of distinguishing these two
extraction systems with high reliability.

Chloroform extracts also showed excellent classification performance, with only a
single sample assigned to another class, resulting in a sensitivity of 91.7%. Although
chloroform differs considerably from ethanol in polarity, this isolated misclassification
may reflect natural variability in extract composition or minor overlap in specific volatile
constituents detected by the sensor array.
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The lowest classification performance was observed for ethanol and methanol extracts,
which exhibited sensitivity values of 76.9% and 75.0%, respectively. Ethanol samples were
primarily confused with methanol, whereas methanol samples were distributed among
ethanol, THF, and chloroform classes. These results suggest that the volatile fingerprints
associated with these highly polar solvents share a greater degree of similarity than those
obtained using less polar extraction systems. Consequently, although the electronic nose
successfully classified the majority of samples, the discrimination of extracts obtained with
polar solvents proved to be more challenging.

Interestingly, the pattern of misclassification followed a chemically meaningful trend.
Most classification errors occurred between solvents with relatively similar extraction
characteristics, whereas no confusion was observed between highly dissimilar solvents
such as hexane and methanol. This observation suggests that the PLS-DA model captured
genuine compositional relationships among the extracts rather than random variations in
sensor responses. The confusion matrix and class-specific sensitivity values confirm the
robustness of the proposed E-nose-PLS-DA methodology. The high proportion of correctly
classified samples, together with the systematic nature of the observed misclassifications,
demonstrates that solvent polarity exerts a strong influence on the volatile composition of
Cistus extracts and that these differences can be effectively monitored through electronic
nose analysis coupled with supervised chemometric modelling.

4. Conclusions

Solvent polarity influenced the extraction yield, phytochemical characteristics, antioxi-
dant activity, and volatile fingerprints of Cistus extracts. The E-nose detected differences
among extracts obtained with different solvents, while PCA revealed exploratory clustering
patterns for C. salviifolius, C. crispus, and C. ladanifer, with the first two principal components
explaining 70.96-90.22% of the total variance.

Supervised PLS-DA provided further evidence of the discriminatory potential of the
E-nose responses. Internal five-fold cross-validation yielded an accuracy of 87.5%, with
sensitivity and specificity values of 87.5% and 97.5%, respectively. Overall, these results sup-
port the potential of E-nose fingerprinting combined with chemometric analysis as a rapid
approach for differentiating Cistus extracts according to extraction solvent. Nevertheless,
independent external validation and complementary chromatographic characterization,
such as HS-SPME-GC-MS, are required to establish model generalizability and relate the
sensor fingerprints to specific volatile compounds.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390 /chemosensors14090197/s1. Figure S1. Representative E-nose
sensograms obtained during the analysis of Cistus extracts. Temporal response profiles of the
recorded E-nose signals are shown as a function of acquisition time, illustrating the characteristic

sensor-response dynamics during Sample measurement.
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