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Abstract
The European market for plant protection products (PPPs) faces significant challenges re-
lated to counterfeit and substandard PPPs, posing threats to sustainable agriculture and 
food safety. This study explored the application of chemometric methods based on physical, 
chemical, and technical parameters, as well as data obtained by high-performance liquid 
chromatography with a diode array detector (HPLC-DAD) and headspace gas chroma-
tography coupled with mass spectrometry (HS-GC/MS), to verify the authenticity of PPPs 
containing trinexapac-ethyl. A total of 44 formulations were analyzed, including authentic 
samples and substandard PPPs obtained from various retail points and manufacturers. The 
developed analytical methods demonstrated robustness in determining physicochemical 
parameters and generating chromatographic profiles distinguishing between genuine and 
non-genuine products. Chemometric tools such as principal component analysis (PCA), 
hierarchical clustering analysis (HCA), and Soft Independent Modeling of Class Analogy 
(SIMCA) facilitated data interpretation, revealing distinct clusters of samples based on their 
chemical fingerprints. SIMCA models exhibited their potential for routine quality control 
assessments. Overall, integrating advanced analytical techniques and chemometrics offers 
a promising strategy to safeguard the integrity of PPPs, enhance regulatory compliance, 
and mitigate the risks associated with counterfeit products in the European agricultural 
market. This approach supports sustainable agricultural practices by ensuring product au-
thenticity and safety, thereby fostering consumer trust and regulatory adherence. In the 
context of increasing global demand for agricultural products, effective verification of PPPs 
authenticity becomes a crucial element in ensuring food security, human health, and envi-
ronmental protection.
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Introduction

T﻿he market for plant protection products (PPPs) in the 
European Union is influenced by various factors affect-
ing demand and future trends. National action plans 
by member states aim to reduce risks related to the use 
of PPPs, promote sustainable pesticide use, integrat-
ed pest management (IPM), and encourage organic 
farming. However, the global population is projected 
to exceed 9.1 billion by 2050, necessitating a signifi-
cant increase in food production. This may result in 

intensified agricultural production and increased use 
of agrochemicals (Biondi et al. 2012). Europe’s share 
in the global agrochemical market from 2010 to 2018 
is estimated at 11.8% (FAOSTAT 2018). The market 
for plant protection products is particularly vulner-
able to irregularities. Data published in articles and re-
ports indicate that the main cause of these irregulari-
ties is the circulation of counterfeit or illicitly sourced 
plant protection products (Frezal and Garsous 2020). 
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A 2011 report by the Food and Agriculture Organi-
zation of the United Nations (FAO) and the World 
Health Organization (WHO) states that in develop-
ing countries, the rate of non-compliance with qual-
ity standards for plant protection products reaches 
20-30% (FAO 2010). In Europe, the European Un-
ion Intellectual Property Office (EUIPO) estimates 
that counterfeit pesticides make up approximately 
14 percent (around EUR 1.3 billion) of the EU market 
(EUIPO 2017).

Due to legal loopholes, enforcement issues, acces-
sible technology for producing counterfeit plant pro-
tection products (PPPs), and the profitability of this 
process, the number of counterfeit and substandard 
products on the market is rising (Europol 2011). Il-
legal products may contain unknown chemical mix-
tures with unpredictable effects. Using PPPs from 
unauthorized sources risks exposure to banned or re-
stricted substances. The unexplored phytotoxicity of 
these PPPs threatens farmer and consumer health and 
can cause crop losses or destruction (Jankowska et al. 
2022). Additionally, counterfeit and illegal PPPs result 
in financial and reputational damage for producers, 
jeopardizing sustainable agriculture. Their production, 
transport, and trade bypass legal regulations, depriv-
ing states of revenue from customs duties and taxes 
(Streloke 2018).

According to the 2016 IUPAC recommendations, 
chemometrics employs mathematical and statistical 
methods to extract relevant information from multi-
dimensional data. Modern measurement techniques 
generate extensive datasets of physicochemical prop-
erties and process parameters, which are challenging 
to interpret. Chemometrics provides robust tech-
niques for assessing product originality and has been 
increasingly applied in recent years for quality control, 
using advanced chromatographic techniques to create 
“chemical fingerprints” of analyzed substances. Data 
obtained by HPLC was applied to similarity analysis 
for the quality control of polyphenols extracted from 
pomegranate peel (Li et al. 2015). “Chemical finger-
prints” obtained by HS-GC/MS of authentic and 
counterfeit samples of Viagra® and Cialis® were used 
for PCA, projection analysis, classification and regres-
sion trees, and SIMCA modeling of individual groups 
(Custers et al. 2014). Chromatograms obtained by 
HPLC with a photodiode array detector (HPLC-PDA) 
and HPLC with mass spectrometry (HPLC-MS) were 
also utilized to analyze impurities in Cialis®. The ob-
tained data were analyzed and modeled using PCA, 
partial least squares (PLS), and classifiers SIMCA and 
k-nearest neighbors (k-NN) to detect cases of Cialis® 

counterfeiting (Custers et al. 2016). A method using 
gas chromatography (GC) for obtaining similarity 
analysis data for the quality control of gasoline was 

developed, optimized, and validated (Flumignan et al. 
2008). “Chemical fingerprints” of the phenolic frac-
tion of extra virgin olive oil were obtained using HPLC 
with DAD and FLD detectors. After preliminary PCA 
analysis, partial least squares discriminant analysis 
(PLS-DA), SIMCA, and k-nearest neighbors (k-NN) 
algorithms were applied (Bajoub et al. 2017). HS-
GC/MS was utilized to classify various commercially 
available rums, with data analyzed using unsuper-
vised learning methods like HCA and PCA, as well 
as supervised methods, including LDA (Belmonte-
Sánchez et al. 2018). The impact of environmental 
and post-harvest processing factors on thyme’s meta-
bolic composition was investigated using UHPLC-
QTOF-HRMS fingerprinting, which traced thyme 
origins and evaluated processing effects, identifying 
key differentiation compounds for product traceabil-
ity and quality assessment (Rivera-Pérez et al. 2023). 
A portable spectrophotometer and chemometrics 
method was introduced to authenticate and differ-
entiate Amazon stingray meats, supporting conser-
vation efforts by combating illegal trade (Craveiro 
de Andrade et al. 2024). Non-targeted HPLC-FLD 
fingerprinting was employed to classify and authen-
ticate paprika using methods like PLS-DA, PCA-
LDA, RF for first-order fingerprints, and NPLS-DA 
for second-order fingerprints, achieving accurate clas-
sification and effective detection of origin blends (Sun 
et al. 2023).

These studies collectively demonstrate the broad 
applicability and effectiveness of chemometric analysis 
in various domains of quality control, ensuring product 
authenticity, safety, and regulatory compliance. While 
chemometrics is widely used for quality control across 
many fields, its application in agrochemical sciences 
remains limited. The Pesticide Quality Testing Labora-
tory published a study using cluster analysis (CA) and 
PCA based on the results obtained by the Headspace 
Gas Chromatography-Mass Spectrometry method 
and some selected physicochemical properties of exa
mined pesticides including pH, density, stability, active 
ingredient and water content to verify the authentic-
ity of plant protection products containing chlorpy-
rifos as the active substance (Miszczyk et al. 2015). 
Another study verified the authenticity of plant protec-
tion product formulations containing azoxystrobin as 
the active substance using chromatographic methods 
and the SIMCA method. The purpose of this work was 
to illustrate the use of chemometric analysis for the 
modeling of chemical fingerprints obtained by HPLC-
DAD and HS-GC-MS to detect illegal and counterfeit 
PPPs without determining the individual ingredients 
of the formulation (Marczewska et al. 2019). The aim 
of study was to explore the application of chemometric 
methods based on physical, chemical, and technical 
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parameters, as well as data obtained by high-perfor-
mance liquid chromatography with a diode array de-
tector (HPLC-DAD) and headspace gas chromatogra-
phy coupled with mass spectrometry (HS-GC/MS), to 
verify the authenticity of PPPs containing trinexapac-
ethyl. For this purpose, two chromatographic methods 
using HPLC-DAD and HS-GC/MS were developed 
to obtain specific chromatographic profiles, and de-
terminations of physical, chemical, and technical pa-
rameters characteristic of the formulation of the tested 
plant protection product were performed. The param-
eters were determined according to the methodolo-
gies included in CIPAC collections: pH of 1% prod-
uct solution (MT 75.3), foam persistence (MT 47.2), 
acidity/alkalinity (MT 191), emulsion stability (MT 
36.6), water content (MT 30.6), and guidelines from 
the Organization for Economic Co-operation and De-
velopment (OECD) for density (OECD 109), dynamic 
viscosity (OECD 114), according to registration docu-
mentation, recommendations published by FAO in the 
“Manual on Development and Use of FAO and WHO 
Specifications for Pesticides,” and guidelines from the 
European Commission in the document “Reference 
Document Illustrating Best Practices on Analytical 
Strategies and Interpretation of Results for the Formu-
lation Analysis of Plant Protection Products Obtained 
During Official Market Control”.

Materials and Methods

Materials

To develop and verify the applicability of the analyti-
cal method in practice, 44 formulations of emulsifiable 
concentrate containing the trinexapac-ethyl active 
substance were utilized. Trinexapac-ethyl [IUPAC: 
ethyl 4-[cyclopropyl(hydroxy)methylidene]-3,5-dioxo
cyclohexane-1-carboxylate] is a compound from the 
cyclohexanedione group acting as a gibberellin in-
hibitor. It shortens and stiffens cereal stems, prevent-
ing lodging. As a growth regulator, it is widely used 
in crops such as winter wheat, winter barley, win-
ter rye, spring barley, and oats. Fourteen samples of 
PPPs were sourced directly from different production 
batches provided by their manufacturers, accompanied 
by certificates confirming their origin and adequate 
quality (original/reference samples numbered from 
100 to 113). The remaining 30 samples were supplied 
to the Laboratory for the Quality Assessment of Plant 
Protection Products by the State Plant Protection and 
Seed Inspection, as well as by contractors, and were 
purchased from various retail outlets (tested samples 
numbered from 1 to 44, including two illegal samples 
numbered 16 and 17). In 2015, the European Commis-
sion (EC) defined illegal PPPs as any plant protection 

product not considered legal. This category contains 
the two sub-categories of counterfeit and substand-
ard. These sub categories are defined as follows: sub-
standard PPPs - products which contain substances 
not approved under EU legislation (or which contain 
no active substances) and falsified PPPs (e.g., falsified 
content, falsified country of origin) and counterfeit 
PPPs – illegal copies of legitimate, branded products. 
Whenever feasible, a minimum of three containers of 
each product with identical size, batch number, and 
production date were acquired to assess batch varia
bility and its implications on data interpretation. 

Methods

To determine the active substance content and obtain 
product-specific chromatographic profiles, a method 
utilizing HPLC-DAD was developed and validated. 
The procedure was conducted according to guide-
lines outlined in SANCO/3030/99 rev. 5, as well as the 
guidelines provided by the Collaborative International 
Pesticides Analytical Council (CIPAC): “Guidelines on 
method validation to be performed in support of ana-
lytical methods for agrochemical formulations” and 
“Guideline for analytical methods for the determina-
tion of relevant impurities referred to in FAO and/or 
WHO specifications for pesticide technical grade ac-
tive ingredients and formulations”.

The development and validation of the analytical 
method involved optimizing chromatographic condi-
tions, assessing method specificity, determining criti-
cal parameters for method linearity, and establishing 
method precision and accuracy. Chromatographic 
analysis was performed using an HPLC-DAD system 
(Agilent Technologies, Santa Clara, CA, USA) equipped 
with an Altima C18 column (250 mm × 4.6 mm, 
5 µm, W.R. Grace & Co-Conn.). The solvent used in 
the analysis was a mixture of acetonitrile HPLC grade 
acetonitrile (JT Baker, USA) and deionized water (de-
ionized water was obtained from a Milli-Q SP reagent 
water system, Millipore, Bedford, USA) (60:40, v/v). 
The mobile phase consisted of acetonitrile and 0.1% 
H3PO4 (orto-Phosphoric acid solution 85% pure p.a., 
Merck, Germany).  Samples were injected into the col-
umn in 20 µl quantities. The mobile phase flow rate 
was 1.0 ml·min-1, with the column temperature set at 
20°C and the injector temperature at 5°C. Analyte de-
tection was carried out at a wavelength of 280 nm over 
a 15-minute analysis period. Chromatographic data 
were collected and integrated using ChemStation soft-
ware rev. B.03.02. Based on the obtained validation pa-
rameter results, it was concluded that the methods met 
the requirements specified in the SANCO/3030/99 
rev. 5 document for quality control of plant protection 
products (Tab. 1).
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Table 1. Linearity parameters and precision obtained by HPLC-DAD  

Substance
Calibration

levels
Slope

a ± SDa*
Intercept
b ± SDb**

Correlation
coefficient

Residual st. dev.
Sy/x***

Precision (Hr )
(%RSD/%RSDr)****

Mean 
recovery % *****

Trinexapac- 
-ethyl

5 1071505.5 ± 21447.2 142.2 ± 172.7 0.99 195.8 0.50 101.5

* – a – slope of the calibration curve, SDa – standard deviation of the slope 
** – b – intercept of the calibration curve, SDb – standard deviation of the intercept
*** – Sy/x – residual standard deviation
**** – Hr ≤ 1, acceptable 
***** – for the active substance content above 10% according to SANCO/3030/99 rev.5 the acceptable range is 97–103%

The method was further optimized to enable com-
parative studies of the examined plant protection pro
ducts using HS-GC/MS (Agilent Technologies, Santa 
Clara, CA, USA). Various equilibration times before 
analysis, sample heating temperatures, and different 
sample masses were optimized. As a result, a method 
was developed that allows for comparative studies of 
the composition of the tested samples. A non-polar 
capillary column (HP-5MS, 30 m × 0.25 mm × 0.25 µm, 
J&W GC Columns) was used as the chromatographic 
column. Samples of 1 ml were incubated in 20 ml 
headspace vials and gently agitated at 50°C for 15 min-
utes. The headspace loop and transfer line tempera-
tures were set at 80°C and 110°C, respectively. After 
equilibration, 1 ml of the vapor phase was injected 
into the GC-MS system in split injection mode (split 
ratio 1:10), using a standard split/splitless injector 
set at 250°C. Helium (5.0, Messer), at a flow rate of 
1.8 ml · min–1, was employed as the carrier gas. The 
chromatographic oven temperature was held at 40°C 
for 5 minutes, then increased to 100°C at a rate of 
5°C · min–1, followed by a ramp to 280°C at 25°C · min–1, 
and maintained for 5 minutes. Ionization was per-
formed in electron impact mode, and mass spectrom-
etry detection was set to full scan mode to identify the 
solvents present in the samples. The ion source tem-
perature was maintained at 230°C, while the interface 
temperature was held at 300°C. Chromatographic data 
were collected and integrated using the Agilent MSD 
ChemStation software. Subsequently, all acquired sam-
ples were analyzed using both methods in triplicate. 
The obtained chromatograms, which serve as finger-
prints, were subjected to chemometric analysis.

Results

The samples of the formulations were characterized 
by determining the values of physical, chemical, and 
technical parameters. Instrumental signals were also 
recorded for all samples using HPLC-DAD and HS-
GC/MS. The averaged results from three repetitions 
obtained from physicochemical determinations are 
presented in Table 2.

Data preparation for chemometric analysis

Preliminary data preparation is an obligatory step be-
fore starting the process of constructing chemometric 
models and drawing conclusions from the obtained 
results. For the dataset containing physicochemical 
parameters measured across different ranges of vari-
ability, averaging and autoscaling operations were per-
formed to assign each variable unit variance. 

For the chromatographic signals obtained using 
the HPLC-DAD technique on the studied material, 
the baseline presence and signal-to-noise ratio para
meters were evaluated and found to be acceptably low. 
Peak shift corrections were made using the correlation 
optimized warping (COW) method relative to a refer-
ence signal (target) that showed the highest correlation 
with all signals in the analyzed dataset. The character-
istic parameter values used for the COW method were 
200 and 3 for window width and degree of fit, respec-
tively. For chromatographic signals obtained using 
HS-GC/MS, the presence of baseline and signal-to- 
-noise ratio parameters was evaluated and found to be 
acceptably low. The obtained data showed consistent 
retention times for analytes, making peak shift cor-
rection unnecessary. Centering operations were per-
formed on data matrices created from instrumental 
signals. Data processing was conducted using Matlab 
(version R2021b).

The application of unsupervised  
chemometric methods

A PCA model was built for the set of autoscaled phy
sicochemical data. The distribution of points repre-
senting individual samples in the space of successive 
pairs of principal components was analyzed. The de-
gree of data compression in the table of physicochemi-
cal properties, subjected to autoscaling and analyzed 
using the PCA method for the studied preparation, 
made it possible to infer that the first principal compo-
nent describes 48.8% of the data variance, the second 
component 68.6%, and the third component 77.2%. In 
the next step of data interpretation, the distribution of 
samples on planes defined by selected pairs of princi-
pal components was analyzed, and the distribution of 
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1 0.9814 7.338 4.953 3.710 3.711 3.710 32.7 24.7 20.0 12.7 0.9814 0 244.13

2 0.9812 5.751 4.920 3.702 3.702 3.702 26.7 22.7 20.0 12.0 0.9812 0 242.89

3 0.9812 5.184 4.920 3.702 3.702 3.703 30.0 25.3 18.7 13.3 0.9812 0 254.99

4 0.9819 2.390 4.937 3.692 3.695 3.698 28.7 26.7 23.3 18.7 0.9819 0 246.53

5 0.9818 2.152 4.953 3.699 3.699 3.697 31.3 28.7 26.7 20.0 0.9818 0 247.88

6 0.9819 2.793 4.920 3.651 3.665 3.665 26.0 20.0 16.0 12.0 0.9819 0 246.06

7 0.9813 2.788 4.937 3.668 3.670 3.672 24.7 18.7 12.7 10.0 0.9813 0 238.99

8 0.9813 3.333 4.888 3.675 3.678 3.677 24.0 20.7 17.3 13.3 0.9813 0 242.16

9 0.9813 2.342 4.888 3.683 3.685 3.684 25.3 23.3 20.0 14.7 0.9813 0 241.23

10 0.9816 1.657 4.888 3.675 3.682 3.684 26.0 22.0 20.0 12.0 0.9816 0 245.12

11 0.9816 1.650 4.888 3.524 3.535 3.544 27.3 22.0 16.7 12.0 0.9816 0 245.24

12 0.9817 1.067 4.937 3.542 3.551 3.555 27.3 24.0 19.3 12.0 0.9817 0 244.43

13 0.9845 1.804 5.035 3.585 3.591 3.588 24.0 20.7 18.0 12.0 0.9845 0 250.50

14 0.9840 2.150 4.937 3.584 3.589 3.590 24.0 21.3 18.7 14.0 0.9840 0 251.78

15 0.9834 2.293 4.986 3.592 3.597 3.599 23.3 21.3 17.3 12.0 0.9834 0 252.23

16 0.9876 2.372 5.018 3.617 3.614 3.612 15.3 11.3 8.7 10.7 0.9876 0 233.28

17 1.0225 3.138 4.920 3.560 3.560 3.554 12.7 8.0 6.7 5.3 1.0225 0 224.17

18 0.9821 0.490 4.920 3.662 3.660 3.657 24.7 22,7 19.3 16.0 0.9821 0 237.08

19 0.9819 0.779 4.920 3,671 3.667 3.662 25.3 21,3 18.0 13.3 0.9819 0 243.05

20 0.9832 0.659 4.904 3.660 3.659 3.653 27.3 24,7 20.0 15.3 0.9832 0 250.61

21 0.9839 1.141 4.888 3.662 3.662 3.659 24.0 20.0 16.7 10.0 0.9839 0 238.33

22 0.9825 1.753 4.855 3.683 3.681 3.677 22.0 12.0 10.0 4.7 0.9825 0 247.31

23 0.9826 1.351 4.888 3.683 3.682 3.677 26.7 22.0 18.0 12.7 0.9826 0 241.60

24 0.9826 1.356 4.855 3.678 3.677 3.674 27.3 22.0 18.7 14.7 0.9826 0 241.20

25 0.9806 1.496 4.773 3.691 3.691 3.688 26.0 20.7 19.3 15.3 0.9806 0 242.13

26 0.9850 1.345 4.937 3.663 3.664 3.659 24.0 20.7 16.0 10.0 0.9850 0 238.66

27 0.9848 1.653 5.002 3.663 3.663 3.659 26.0 22.7 19.3 14.7 0.9848 0 235.08

28 0.9837 1.422 4.986 3.661 3.662 3.660 24.7 22.7 18.7 12.7 0.9837 0 240.24

29 0.9816 0.794 4.904 3.682 3.688 3.685 25.3 22.0 18.0 13.3 0.9816 0 236.08

30 0.9815 1.362 4.904 3.681 3.685 3.682 26.7 20.7 19.3 14.0 0.9815 0 241.31

Re
fe

re
nc

e 
sa

m
pl

es

100 0.9811 3.375 4.855 3.686 3.685 3.682 28.0 22.0 18.7 14.7 0.9811 0 248.03

101 0.9815 1.161 4.904 3.686 3.683 3.676 24.0 22.0 18.7 14.7 0.9815 0 251.33

102 0.9815 1.019 4.953 3.677 3.676 3.670 26.0 22.7 18.0 12.7 0.9815 0 261.37

103 0.9815 0.887 4.953 3.662 3.665 3.668 26.7 22.0 19.3 14.0 0.9815 0 252.48

104 0.9815 0.959 4.953 3.670 3.666 3.667 26.7 23.3 18.7 12.0 0.9815 0 251.66

105 0.9822 0.639 4.937 3.647 3.640 3.644 27.3 25.3 22.0 17.3 0.9822 0 246.58

106 0.9815 0.747 4.969 3.665 3.660 3.666 28.7 23.3 20.0 15.3 0.9815 0 255.88

107 0.9815 0.765 5.035 3.664 3.659 3.662 25.3 22.0 20.0 15.3 0.9815 0 256.25

108 0.9815 0.673 4.953 3.657 3.647 3.654 26.7 21.3 18.7 16.7 0.9815 0 256.78

109 0.9815 0.533 4.986 3.660 3.655 3.660 25.3 22.7 20.0 15.3 0.9815 0 251.00

110 0.9814 0.752 4.986 3.670 3.664 3.668 28.0 23.3 18.0 14.0 0.9814 0 252.53

111 0.9814 0.718 4.986 3.669 3.665 3.669 25.3 21.3 19.3 18.0 0.9814 0 255.62

112 0.9814 0.698 4.969 3.668 3.667 3.669 26.7 24.0 20.0 16.7 0.9814 0 263.49

113 0.9822 0.671 4.969 3.667 3.665 3.667 25.3 20.7 18.0 12.0 0.9822 0 253.40

Table 2. Summary of averaged results of physicochemical parameter determinations
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weights for the components was interpreted. Figure 1 
shows the distribution of samples on the plane defined 
by PC 1 and PC 2, PC 1 and PC 3, PC 2 and PC 3, and 
the contribution of parameters contained in the table 
of physicochemical properties (excluding the emul-
sion designation values, as the emulsion value was zero 
for all studied preparations). 

The distribution of samples on the plane defined 
by the first (PC 1) and second (PC 2) component 
was analyzed. Non-original samples were moder-
ately separated from the other samples concerning 
PC 1, with the highest contribution to this compo-
nent being variable 8 (density), and variable 9 (vis-
cosity). The distribution of samples on the plane 
defined by PC 1 and PC 3 showed a slight separa-
tion of non-original samples from the other samples 
concerning PC 1. The highest contribution to this 

component was made by variable 8 (density) and vari-
able 9 (viscosity). Analyzing the distribution of samples 
on the plane defined by the second (PC 2) and third 
(PC 3) component did not reveal any substantial trend 
in grouping.

Exploratory analysis was conducted on the entire 
data matrix containing 396 chromatographic signals 
obtained using the HPLC-DAD technique, consist-
ing of 2250 data points. In subsequent steps of the 
exploratory analysis, the degree of data compression 
and the distribution of samples on planes defined by 
selected pairs of principal components were assessed. 
A PCA model was built, achieving a data variance 
compression of 99.9% for the first three components, 
with the first component explaining 77.3% of the vari-
ance and the second component explaining 99.6%. In 
the next step of data exploration, the distribution of 

Fig. 1. Projection of samples on the plane defined by factors: A – PC 1 and PC 2; B – PC 1 and PC 3 (1 – pH after 1 min; 2 – pH after 
2 min; 3 – pH after 10 min; 4 – foam stability after 10 s; 5 – foam stability after 1 min; 6 – foam stability after 3 min; 7 – foam stability 
after 12 min; 8 – density; 9 – viscosity; 10 – water content; 11 - acidity; 12 – active substance content) 
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samples on planes defined by selected pairs of princi-
pal components PC 1 and PC 2, PC 1 and PC 3, PC 
2 and PC 3 for unaveraged centered data is presented 
in Figure 2. In the presented figures, reference samples 
(original) are marked in red, samples classified by the 
laboratory as non-original are marked in green, and 
samples belonging to the studied group are marked 
 in black.

In the case of the chromatographic data analysis 
obtained by HPLC using the PCA method, no group-
ing of samples was observed. Non-original samples 
marked in green are mingled with reference samples 
marked in red.

Exploratory analysis was conducted on the entire 
data matrix containing 132 chromatographic signals 
obtained using the HS-GC/MS technique, consisting 
of 4061 data points. In subsequent steps of the explora-
tory analysis, the degree of data compression and the 
distribution of samples on planes defined by selected 
pairs of principal components were assessed. A PCA 
model was built, achieving a data variance compres-
sion of 92.3% for the first three components, with the 
first principal component explaining 58.0% of the vari-
ance and the second component explaining 85.8%. The 
first 19 principal components describe nearly 100% 
of the data variance. In the next step of data explora-
tion, the distribution of samples on planes defined by 

selected pairs of principal components PC 1 and PC 2, 
PC 1 and PC 3, PC 2 and PC 3 for unaveraged centered 
data is presented in Figure 3.

In the case of the distribution of samples on the 
plane defined by the first (PC 1) and the second and 
third factors (PC 2, PC 3), one sample considered non-
original (sample no. 17) was observed to be separated. 
Sample 17 separates from the rest concerning factor 
PC 1. The observed trend towards grouping required 
the analysis of weights for the first factor.

Figure 4 shows the weights indicating which peaks 
contribute the most to its construction. Analyzing the 
distribution of samples on the plane defined by the 
second (PC 2) and third (PC 3) factors did not reveal 
any interesting trend in grouping.

The analysis of weights for the first factor showed 
that the greatest contribution to its construction came 
from variables located in the chromatographic signals 
around data points 1166, 2335, and 2921, correspond-
ing to analysis times of 9.0, 15.9, and 19.4 minutes.

In the next stage of the analysis, the hierarchical 
clustering method was used. Dendrograms were con-
structed for the set of raw and autoscaled data using 
various combinations of distance evaluation between 
objects (Euclidean and Mahalanobis) and methods for 
clustering them (single linkage, complete linkage, Ward’s 
method, average linkage). Different combinations of 

Fig. 2. Projection of samples on the plane defined by factors (unaveraged data) (red markers – tested; green markers – non-original; 
black markers - original)

Fig. 3. Projection of samples on the plane defined by factors (unaveraged data) (red markers - tested; green markers – non-original; 
black markers - original)
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distance calculations and object clustering yielded the 
same results. Example results are presented in Figure 5.

The analysis of dendrograms obtained using vari-
ous combinations of distance evaluation between ob-
jects and clustering methods yielded the same results. 
Samples 16 and 17, initially classified by the laboratory 
as non-original, form a separate cluster distant from 
the rest of the objects in the dataset.

The application of supervised chemometric 
methods

Centering was applied to the data matrices derived 
from the instrumental signals to eliminate constant el-
ements that do not affect data variability. The prepared Fig. 4. Distribution of weights for the first and second factors

Fig. 5. Example dendrograms constructed using Euclidean distance and different linkage methods (single linkage, Ward’s method)
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instrumental signals were then analyzed using the 
SIMCA method. In SIMCA, classification rules were 
constructed based on individual PCA models for the 
studied group of authentic products. To determine the 
optimal complexity of the PCA model, leave-one-out 
cross-validation was applied. After completing the 
cross-validation procedure, the root mean square er-
ror of cross-validation (RMSECV) was calculated from 
the resulting matrix. From the plot of RMSECV values 
against the number of principal components, the point 
where the curve stabilizes indicates the optimal num-
ber of components. Based on the obtained plots, nine 
principal components were selected, describing 98.3% 
of the studied data.

The instrumental signals obtained using both 
HS-GC/MS and HPLC techniques for the studied for-
mulation were initially divided into three subsets: Sub-
set I consisted of signals recorded for reference samples 
(model and Test 1); Subset II included signals recorded 
for samples preliminarily identified as “original” (Test 
2); and Subset III comprised signals recorded for sam-
ples preliminarily identified as “non-original” (Test 3). 
From Subset I, 75% of the samples were selected using 
the Kennard-Stone algorithm to form the model set, 
while the remaining signals were included in test set 1. 
These constructed sets were used to build and evaluate 
the performance of SIMCA models.

For the data obtained using HS-GC/MS, five fac-
tors were selected for constructing the SIMCA model 
for the class of “original” samples using the scree plot 
method, as including more principal components did 
not yield a significant increase in information.

Analyzing the model performance shown in Fi
gure 6, it was determined that all objects from test set 3 
had MD and OD values exceeding the threshold values 
determined for the modeled class. Two objects from 

test set 1 (samples no. 105, 106) and one object from 
test set 2 (sample no. 23) were recognized as belonging 
to the “original” class.

For the data obtained using HPLC-DAD, the scree 
plot method was used to select two factors for con-
structing the SIMCA model for the class of “original” 
samples, as adding more principal components did not 
provide a substantial increase in information.

Analyzing the performance quality of the model 
shown in Figure 7, it was found that all objects from 
test sets 2 and 3 have MD and OD values exceed-
ing the threshold values determined for the mo
deled class. Two objects from test set 1 (sample 
no. 105 and 106) were identified as belonging to the 
 “original” class.

Fig. 6. Performance results of the SIMCA model built for chromatographic data obtained using HS-GC/MS, with a complexity of five 
factors, for the model and test sets

Fig. 7. Performance results of the SIMCA model, constructed 
with a complexity of two factors for chromatographic data 
obtained using HPLC-DAD, for both the model and test sets
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Discussion

The developed method for determining the active sub-
stance content, in accordance with document Sanco 
3030 rev.5, is characterized by appropriate linearity 
(correlation coefficient higher than the required mini-
mum value > 0.99), acceptable precision based on the 
Horrat value meeting the required criterion (Hr ≤ 1), 
and accurate recovery values confirming the reliability 
of the developed methods (the recovery condition for 
active substances with analyte concentration ≥ 10% is 
met within the range of 97–103%).

The determined values of physical, chemical, and 
technical parameters and the obtained instrumental 
signals from the laboratory analyses of the tested for-
mulations were subjected to exploratory analysis us-
ing methods such as PCA and HCA. The exploratory 
data analysis showed a tendency for the samples to 
cluster according to the vector containing preliminary 
information about the originality and non-originali-
ty of the formulations. A clear separation of samples 
16 and 17, which are apart from the rest of the ob-
jects in the set, can be observed. The physicochemi-
cal parameters having the most significant impact 
on the observed trend are the amount of stable foam 
after 10 seconds, density, and viscosity. These param-
eters should be thoroughly analyzed during planned  
laboratory analyses.

For the analysis of chromatographic data obtained 
by HPLC using PCA, no grouping of the samples was 
observed. In the case of data obtained by HS-GC/MS 
and the analysis of the distribution of samples on 
the plane defined by the first (PC 1) and second and 
third factors (PC 2, PC 3), a separation of one sample 
deemed non-original (sample no. 17), which separates 
from the rest relative to factor PC 1, was observed. The 
observed tendency for grouping required an analysis 
of the weights for the first factor, which showed that 
the variables at 9.0, 15.9, and 19.4 minutes of analysis 
had the most significant contribution to its construc-
tion - during future analyses, this time should be close-
ly monitored.

The quality of the SIMCA model was assessed based 
on its performance for two independent test sets. The 
first one – test set 1 – included only samples from the 
same class for which the model was constructed. Based 
on the number of correctly recognized samples, a pa-
rameter called sensitivity was calculated. The second 
test set – test set 2 – contained only objects outside the 
modeled class. Based on the number of samples from 
this set, which were recognized as not belonging to the 
modeled class, a parameter called specificity was cal-
culated. The number of all samples contained in the 
model, test set 1, and test set 2, which were correctly 
assigned to previously defined classes, is the basis for 

calculating the quality parameter known as the cor-
rect classification rate. In the case of building models 
for instrumental data obtained by HPLC for the tested 
formulation, the model sensitivity is at the level of 50% 
for data obtained by HS-GC/MS at the level of 75%. 
However, low specificity does not confirm the possibil-
ity of using this model to verify the originality of the 
formulation, even though samples preliminarily clas-
sified by the laboratory as non-original were classified 
by the model in the same way. Therefore, to obtain reli-
able results of chemometric analysis, it is necessary to 
use samples of the original product supplied directly by 
the manufacturer and samples whose quality has been 
unequivocally questioned. Given the obtained results, 
consideration should be given to the possibility of us-
ing SIMCA models, built according to appropriately 
prepared chromatographic signals, in routine analyses. 
This will be possible after verifying the models’ per-
formance for data with an increased number of “non-
original” samples. Therefore, when planning further 
laboratory studies, special attention should be paid to 
balancing the number of samples classified as “origi-
nal” and “non-original.” Chemometric techniques 
verify product authenticity and help eliminate coun-
terfeit or low-quality products from the market. This 
proactive approach maintains the integrity of agricul-
tural practices, protects plant health, and minimizes 
potential environmental and human health hazards. 
This analytical method strengthens overall quality  
control and regulation efforts for plant protection 
products.
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