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ABSTRACT
Background and Aims: In this study, thymoquinone (TQ) from black cumin will be quantified from several geographical regions,
including India, Syria, Saudi Arabia, Iraq, and Turkey. Additionally, to forecast the chromatographic behavior of the analyte in
artificial intelligence (AI)-based models, the study used both ensemble machine learning methodologies and chemometrics-based
approaches.
Methods: An Agilent Technologies (1200 series, USA) instrument that includes an autosampler, a binary pump, a diode array
detector (DAD), and a vacuum degasser was used for the HPLC analysis. Using five different single models—principal compo-
nent regression (PCR), least square-support vector machine (LSSVM), least square boost (LSQ-BOOST), adaptive neuro-fuzzy
inference system (ANFIS), and step-wise linear regression—the HPLC-DAD technique was used to simulate the qualitative and
quantitative properties of TQ (SWLR).
Results: The collected results demonstrated that samples from India and Iraq have the highest concentration of TQ. TQ was
present in all samples, but in varying amounts; the amounts of TQ in the samples from Iraq, India, Saudi Arabia, Syria, and Turkey,
respectively, were 0.031, 0.030, 0.022, 0.005, and 0.001%. According to a comparison of their performances, the four ensemble
machine learning techniques can reproduce the chromatographic properties of TQ, PA, and tR with minimum and maximum
NSE-values of 0.842 and 0.999 in the training phase and 0.918 and 0.999 in the testing phase, respectively.
Conclusion: The TQ content of each sample of black cumin, which was collected from various geographical locations, was
determined quantitatively. The quantity of thymoquinone fluctuates depending on geographic variances, according to HPLC
data. Five different AI-based models, including SWLR, PCR, LSSVM, ANFIS, and LSQ-Boost, were used to simulate the
chromatographic behavior of TQ information of retention duration and peak area using various independent factors. Additionally,
SAE, WAE, NNE, and ANFIS-E are informed by the application of ensemble machine learning to enhance the performance of
AI-based models. Comparing the approaches to the individual models, they both demonstrated lower error values in terms of
RMSE and MSE.
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INTRODUCTION

Black cumin’s major bioactive compound, thymoquinone (TQ),
has a wide range of biological effects, including anti-cancer,
antioxidant, anti-inflammatory, and hepatoprotective qualities.
These effects are hypothesized and supported by evidence from
science that illustrates the molecular mechanism of the analyte
(Rezai, Işk, Kartal, & Aslan Erdem, 2018). Finding TQ in Black
cumin and other medicinal plants is regarded as a challenging
and time-consuming task due to the huge quantity of bioactive

components that are present in a plant. Depending on the region,
the type of plant material, and the objective of the investigation,
many methods, such as chemical, microbiological, biological,
and chromatographic ones, can be utilized. Although microbi-
ological techniques are the most used, their lack of specificity
is making them obsolete (Chen et al., 2019).

Chromatographic techniques like High-performance liquid
chromatography (HPLC) are capable of separating various an-
alytes in a plant with a high degree of specificity and sensitivity,
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making them useful for isolating TQ from Black cumin. For
appropriate resolution, it’s imperative to optimize several chro-
matographic factors, including the mobile phase concentration,
pH of the mobile phase, column temperature, mobile phase flow
rate, and column type. For example, achieving appropriate reso-
lution requires optimizing several chromatographic factors, in-
cluding the mobile phase concentration, mobile phase pH, col-
umn temperature, mobile phase flow rate, and column type. The
experimental approach is linked to artificial intelligence (AI) in
a comprehensive optimization strategy that has recently been
put forth (Marrero-Ponce, Barigye, Jorge-Rodrguez, & Tran-
Thi-Thu, 2018). Following a proper experimental procedure,
chemometrics approaches are used to forecast the outcomes
of the experiment using various input and output characteris-
tics, and the coupling is deemed successful. The application
of chemometrics and AI-based models in the development of
HPLC methods is widely established in the technical litera-
ture. For instance, Tham and Agatonovic-Kustrin combined a
genetic algorithm with an artificial neural network (ANN) to
forecast the retention behavior of phenylthiocarbamyl amino
acid derivatives (Tham & Agatonovic-Kustrin, 2002). Accord-
ing to Vasiljevi et al., HPLC method development has been
used to optimize ANN for simulating the retention behavior of
various analytes. According to their findings (Vasiljevi, Onjia,
Okea, & Lauevi, 2004), ANN can be used to estimate reten-
tion time in an isocratic elution system for separating mixtures
of complex compounds with significant changes in log Kow
and pKa values. Support vector machines (SVM) and artificial
neural networks (ANN) are used by Golmohammad et al. to an-
alyze the retention times of different peptides using an HPLC
system. The top models were characterized using a combina-
tion of Genetic Algorithm and Partial Least Squares (GA-PLS)
optimization techniques. The findings demonstrated that SVM
performed better than all other models in all of the data sets
utilized in the study and increased the accuracy of prediction
performance (Golmohammadi, Dashtbozorgi, & Vander Hey-
den, 2015). The application of the heuristic method (HM) and
SVM in the creation and evaluation of linear and non-linear
models for simulating retention time and molecular predictors
of various volatile organic molecules was also covered by Luan
et al. The results show that, in terms of mean squared error
for the chromatographic prediction of retention index, the non-
linear model SVM is superior to the linear model HM (Liu
et al., 2019). Shadrin et al. more recently presented their re-
search comparing the uses of ANN and SVM for the prediction
of environmental pollutants. The performance standards of the
models were validated using the RMSE and the goodness of fit
R2. The outcomes demonstrated that both non-linear models
can reproduce the physical and biological effects of the samples
(Shadrin, Pukalchik, Kovaleva, & Fedorov, 2020).

The use of artificial intelligence (AI)-based models in chemo-
metrics design and chemical process modeling is superior and
shows promise, according to prior research. Non-linear mod-

els, however, may have several problems, including overfitting,
local minima, and generalizability, to mention a few. Numer-
ous scientists claim that no one model is the best in terms of
performance indices in the same or different data sets. Find-
ing broadly applicable AI-based methods that may be used at
numerous local scales is therefore essential. This study is the
first in the technical literature to use the HPLC-DAD technique
to measure and analyze the TQ content of black cumin from
various geographical regions, including India, Syria, Turkey,
Iraq, and Saudi Arabia. This study is also unique in that it
is the first to compare the TQ content of black cumin from
these regions to that of Saudi Arabia. Second, to the best of
the authors’ knowledge, this is the first work to show how these
ensemble techniques may be used for TQ simulation using the
HPLC-DAD technique.

In this study, the HPLC-DAD technique was used to simulate
both the qualitative and quantitative properties of TQ using five
different single models: principal component regression (PCR),
least square-support vector machine (LSSVM), least square
boost (LSQ-BOOST), adaptive neuro-fuzzy inference system
(ANFIS), and step-wise linear regression (SWLR). Then, four
innovative ensemble machine learning techniques—simple av-
erage ensemble (SAE), weighted average ensemble (WAE),
neural network ensemble (NNE), and adaptive neuro-fuzzy in-
ference system ensemble—were used to enhance the single
models’ predictive power (ANFIS-E). The mobile phase, which
uses an isocratic elution system made up of de-ionized (D.I)
water, methanol, and 2-propanol (Mp-A: Mp-B: Mp-C), as well
as the concentration of the aqueous standard and flow rate, are
thus the independent variables. Retention time (tR), one of
the analyte’s qualitative chromatographic qualities, and peak
area (PA), one of the bioactive compound’s quantitative chro-
matographic properties, are thought of as the study’s outcome
variables.

This study aims to investigate several models for TQ pre-
diction and to compare and contrast the non-linear AI-based
models with the conventional linear model. Additionally, to
compare and contrast the ensemble models’ performances and
illustrate how they improve and boost the performance effec-
tiveness of the individual models.

MATERIALS AND METHODS

Materials

The de-ionized water, methanol, isopropanol, ethanol, and TQ
standard utilized in this work were all HPLC-grade chemicals
that were purchased from Sigma Aldrich.
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Instrumentation

An Agilent Technologies 1200 series HPLC instrument with
a diode array detector (DAD) was used for the analysis. An
Eclipse XDB-C18 (150 mm 4.6 mm, 5 m) reversed phase col-
umn was used to calculate the analyte TQ. For the mobile
phase, an isocratic elution system made of de-ionized (D.I)
water, methanol, and 2-propanol (Mp-A, Mp-B, and Mp-C) is
used. The ideal flow rate was discovered to be 0.9 mL min-1
with an injection volume of 20 mL. 254 nm was chosen as
the analytical wavelength and 16 minutes was chosen as the
analysis time. The determination of the analyte was done by
comparing the retention time of the pure standard with that of
the real samples.

Sample preparation

The black cumin seeds were gathered from six distinct geo-
graphic areas: India, Syria, Turkey, Saudi Arabia, and Iraq.
They were given as gifts by undergraduate students who re-
turned to class in the winter following the summer break. All
products are packaged and include the farm information on
which they are produced. Particular attention was paid to en-
suring that the samples were grown in the countries where they
were taken. The seeds were further dried, grounded, powdered,
and weighed. The material was then extracted with 100 mL of
methanol and agitated for 2 hours using a magnetic stirrer. A
rotary evaporator was used to evaporate the obtained extract.
After that, the residue was diluted with ethanol and filtered
through a solid phase extraction (SPE) cartridge (C8) in prepa-
ration for HPLC analysis (Isik, Kartal, & Erdem, 2017).

HPLC Quantification

TMQ solutions with ten distinct concentrations between 1 and
1000 ppm were generated for the quantitative analysis, and the
peak areas of these concentrations were used for calibration.

Chemometrics and Models Conceptualization

Chemometrics are applied in two separate circumstances in
this study. First, five alternative AI-based models, including
SWLR, PCR, LSSVM, ANFIS, and LSQ-Boost employing
various independent variables, were used to simulate the chro-
matographic behavior of TQ informing of retention duration
and peak area. Second, SAE, WAE, NNE, and ANFIS-E are
informed by the application of ensemble machine learning to
enhance the performance of AI-based models.

Using a variety of concentrations of the analyte’s standard
solution, flow rate, and a mobile phase made up of de-ionized
(D.I.) water, methanol, and 2-propanol, the chromatographic

behavior of TQ in terms of retention time and peak area was
modeled.

Phase 1: Data Acquirement

The experimental studies, which were based on the calibra-
tion of a standard TQ solution, produced the entire data set.
Additionally, the data points were split into two groups: 30%
for the testing stage and 70% for the calibration stage. Following
data validation, potential modeling issues like overfitting and
underfitting were checked and controlled (Abba et al., 2020).

Phase 2: Data normalization, statistical analysis, and corre-
lation

Based on equation 1, the input and output factors utilized in
this investigation were both standardized into a range of 0 to
1. Before modeling, normalization lowers data redundancy and
decreases significant numerical errors, which is one of its main
benefits.

𝑦 =

((
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

))
(1)

Excel 2016 was used for the statistical analysis and correla-
tion, and a 95% confidence level was used.

Phase 3: Simulation using single models

MATLAB 9.3 was used to run the individual AI-based mod-
els (PCR, LSSVM, ANFIS, and LSQ-Boost) as well as the
conventional linear regression SWLR (R2020a).

Phase 4: Ensemble machine learning techniques

To increase the performance effectiveness of the individ-
ual models, ensemble machine learning approaches (PCR,
LSSVM, ANFIS, LSQ-Boost, and SWLR) assemble, add, and
integrate both linear and non-linear models.

Phase 5: Performance evaluation metrics

The performance evaluation parameters for any type of data-
driven technique are examined using a variety of criteria by
contrasting experimental and simulated values. Four separate
performance evaluation criteria were used to compare the per-
formance of the individual models and the ensemble machine-
learning approaches established in this work during the cali-
bration and verification phases.

Equations 2 through 5 are used to calculate the mean square
error (MSE), root mean square error (RMSE), correlation coef-
ficient (CC), and Nash-Sutcliffe efficiency (NSE), respectively.

𝑀𝑆𝐸 =
1
𝑁
Σ𝑁
𝑖=1

(
𝑌𝑜𝑏𝑠𝑖 − 𝑌𝑐𝑜𝑚𝑖

)2 (2)

𝑅𝑀𝑆𝐸 =

√︄
Σ𝑁
𝑖=1

(
𝑌𝑜𝑏𝑠𝑖 − 𝑌𝑐𝑜𝑚𝑖

)2

𝑁
(3)
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𝐶𝐶 =
Σ𝑁
𝑖=1

(
𝑌𝑜𝑏𝑠 − 𝑌𝑜𝑏𝑠

) (
𝑌𝑐𝑜𝑚 − 𝑌 𝑐𝑜𝑚

)√︃
Σ𝑁
𝑖=1

(
𝑌𝑜𝑏𝑠 − 𝑌𝑜𝑏𝑠

)2
Σ𝑁
𝑖=1

(
𝑌𝑐𝑜𝑚 − 𝑌𝑐𝑜𝑚

)2
(4)

𝑁𝑆𝐸 = 1 −
Σ𝑁

𝑗=1
[
(𝑌 )𝑜𝑏𝑠, 𝑗 − (𝑌 )𝑐𝑜𝑚, 𝑗

]2

Σ𝑁
𝑗=1

[
(𝑌 )𝑜𝑏𝑠, 𝑗 − (𝑌 )𝑜𝑏𝑠, 𝑗

]2 (5)

RESULTS

HPLC Linearity Results

By creating a calibration curve, the standard solutions of TQ
were prepared between 0 and 1000 ppm concentration.

Our investigation revealed that the samples of black cumin
seeds from various geographic locations with the highest con-
centration of TQ were those from Iraq and India (Figure 1). TQ
was present in all samples, but in varying amounts; the amounts
of TQ in the samples from Iraq, India, Saudi Arabia, Syria,
and Turkey, respectively, were 0.031, 0.030, 0.022, 0.005, and
0.001%. The soil quality, climate changes in the places where
the seeds are cultivated, and other factors are thought to be
responsible for the variations in the TQ of black cumin seeds.
The amount of TQ discovered in Nigella sativa seeds obtained
from Ankara was discovered to be in the range of 0.010-0.376%
due to changes in parameters like those described in a previous
study by our team (Isik et al., 2017). The amount of TQ discov-
ered in the seeds of the black cumin plant grown in Kuwait and
India ranged from 1039.85 mg/kg to 2940.43 mg/kg (Herlina,
Aziz, Kurniawati, & Faridah, 2017). Black cumin seeds were
discovered to contain 0.06% TQ by Gholamnezhad et al. (2015)
in a study looking into the immunomodulatory and cytotoxic
effects of the seeds. Although the TQ range identified in the
literature is consistent with the amount of TQ computed within
the scope of this study, it can be argued that the amount of
TQ is in a very wide range. This vast range of TQ in plants
is influenced by genetic abnormalities, harvest period/season,
and physiological circumstances (Zribi, Omezzine, & Haouala,
2014). To provide a standard effect and concentration of its
main analyte, TQ, it is crucial to ascertain the phytochemical
composition of the Nigella sativa plant that will be employed
for therapeutic purposes.

Using the established calibration equation, the levels of thy-
moquinone identified in various black cumin seeds from various
geographical regions are estimated and summarized in Table 1.

Performance of the chemometrics-based models

The quantitative performance effectiveness of the individual
models PCR, LSSVM, ANFIS, LSQ-Boost, and SWLR is dis-
played in Table 2. The ANFIS model outperforms all the other
single models (PCR, LSSVM, LSQ-Boost, and SWLR) in mod-
eling both tR and PA in the training and testing stages, accord-

Table 1. The amount of thymoquinone in Nigella sativa seed
extracts from different regions
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Figure 1. The chromatogram of the a) standard TQ analyte, b) Indian c) Turkey (d) Iraq sample 

e)Saudi Arabia, and f) Syrian sample

Using the established calibration equation, the levels of thymoquinone identified in various 
black cumin seeds from various geographical regions are estimated and summarized in Table 
1. 

Sample Name Concentration (ppm) % Thymoquinone amount 
Iraq 31.26 ± 0.071 0.031 
India 30.35 ± 0.167 0.030 
Saudi Arabia 22.15 ± 0.165 0.022 
Syria 5.47 ± 0.099 0.005 
Turkey 1.39 ± 0.112 0.001 

Performance of the chemometrics-based models 

The quantitative performance effectiveness of the individual models PCR, LSSVM, ANFIS, 
LSQ-Boost, and SWLR is displayed in Table 2. The ANFIS model outperforms all the other 
single models (PCR, LSSVM, LSQ-Boost, and SWLR) in modeling both tR and PA in the 
training and testing stages, according to the comparative performance of these techniques (see 
Table 2). According to Nourani et al. 2012, any model must have a minimum Nash-Sutcliffe 
efficiency (NSE) of 80% to be accepted. (In other words, the model needs to have a minimum 
R2-value of 0.8 to be considered acceptable) (Nourani, Hakimzadeh, & Amini, 2012). Only 
ANFIS, according to the performance table, was able to imitate tR, which is mostly attributable 
to its intricate capacity to model highly non-linear data. This is consistent with the findings of 
our earlier investigations (Usman, Işik, & Abba, 2021; Abdullahi Garba Usman, Işik, Abba, & 
Meriçli, 2021a ; and Abdullahi Garba Usman, Isik, Abba, & Mericli, 2021b). In contrast, only 
SWLR, LSSVM, and ANFIS were able to meet the minimal 80% threshold for a model to be 
acceptable when it came to the simulation of PA. This demonstrated the necessity for additional 

ing to the comparative performance of these techniques (see
Table 2). According to Nourani et al. 2012, any model must
have a minimum Nash-Sutcliffe efficiency (NSE) of 80% to
be accepted. (In other words, the model needs to have a min-
imum R2-value of 0.8 to be considered acceptable) (Nourani,
Hakimzadeh, & Amini, 2012). Only ANFIS, according to the
performance table, was able to imitate tR, which is mostly at-
tributable to its intricate capacity to model highly non-linear
data. This is consistent with the findings of our earlier inves-
tigations (Usman, Işik, & Abba, 2021; Abdullahi Garba Us-
man, Işik, Abba, & Meriçli, 2021a ; and Abdullahi Garba Us-
man, Isik, Abba, & Mericli, 2021b). In contrast, only SWLR,
LSSVM, and ANFIS were able to meet the minimal 80% thresh-
old for a model to be acceptable when it came to the simulation
of PA. This demonstrated the necessity for additional methods,
such as ensemble machine learning, to improve the performance
of the individual models.

The effectiveness of the single models (PCR, LSSVM,
ANFIS, LSQ-Boost, and SWLR)

The scatter plot of the comparative performance of the models
is illustrated in Figure 2.

According to a comparison of their performances, the four
ensemble machine learning techniques can simulate the chro-
matographic properties of TQ, PA, and tR with minimum and
maximum NSE-values of 0.842 and 0.999 in the training phase
and 0.918 and 0.999 in the testing phase, respectively. Compar-
ing the approaches to the individual models, they both demon-
strated lower error values in terms of RMSE and MSE.

Performance of the Ensemble machine learning techniques

Table 3 provides a summary of the data from ensemble machine
learning. To better understand the ensemble machine learning
algorithms’ exploratory performance for the prediction of tR
and PA, scatter plots are used (see Figure 3).

A new graphic design tool dubbed the "Taylor diagram" was
used to demonstrate the performance capabilities of the en-
semble machine learning technique. Due to its importance, this
diagram has been applied to numerous modeling fields, includ-
ing computer science, computer vision, and climate modeling.
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Figure 1. The chromatogram of the a) standard TQ analyte, b) Indian c) Turkey (d) Iraq sample e)Saudi Arabia, and f) Syrian sample

Table 2. Performance table of the single models (PCR, LSSVM, ANFIS, LSQ-Boost, and SWLR)
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methods, such as ensemble machine learning, to improve the performance of the individual 
models. 
 
Table 2. Performance table of the single models (PCR, LSSVM, ANFIS, LSQ-Boost, and 
SWLR) 
  

Training Testing 
 NSE CC RMSE MSE NSE CC RMSE MSE 
SWLR-tR 0.362 0.601 0.192 0.037 0.220 0.469 0.004 0.000 
PCR-tR 0.701 0.837 0.131 0.017 0.586 0.766 0.003 0.000 
LSSVM-tR 0.173 0.416 0.218 0.048 0.016 0.128 0.005 0.000 
ANFIS-tR 0.999 1.000 0.001 0.000 0.999 1.000 0.000 0.000 
LSQ-Boost-tR 0.613 0.783 0.149 0.022 0.651 0.807 0.003 0.000 
SWLR-PA 0.999 1.000 0.005 0.000 0.987 0.994 0.009 0.000 
PCR-PA 0.674 0.821 0.126 0.016 0.234 0.483 0.070 0.005 
LSSVM-PA 0.923 0.961 0.022 0.000 0.983 0.991 0.029 0.001 
ANFIS-PA 0.999 1.000 0.000 0.000 0.999 1.000 0.005 0.000 
LSQ-Boost-PA 0.765 0.875 0.039 0.002 0.567 0.753 0.146 0.021 

 
The effectiveness of the single models (PCR, LSSVM, ANFIS, LSQ-Boost, and SWLR) 
The scatter plot of the comparative performance of the models is illustrated in Figure 2. 
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The graphic is used to demonstrate the study’s findings regard-
ing the goodness of fit in terms of CC (see Figure 4).

324



Isik, S., Usman, A.G. & Abba, S.I., A chemometrics-based approach for Thymoquinone analyse

Table 3. Performance of the Ensemble machine learning techniques (SAE, WAE, NNE, and ANFIS-E)
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Figure 2. Scatter plots of the single models for their respective retention time (tR) and Peak 
area (PA). 
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Figure 2. Scatter plots of the single models for their respective retention time
(tR) and Peak area (PA).

Figure 3. Scatter plots of the ensemble techniques tR and for PA
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Figure 4. Taylor diagrams of the ensemble techniques tR and for PA
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CONCLUSION

To measure the TQ content of each sample of black cumin
collected from various geographical locations, a quantitative
analysis of each sample was carried out. The overall amount
of TQ contained in each sample is influenced by a variety of
geographical conditions, including rainfall, seasonal changes,
and soil, as mentioned in the literature. The collected results
demonstrated that samples from India and Iraq have the highest
concentration of TQ. TQ was present in all samples, but in
varying amounts; the amounts of TQ in the samples from Iraq,
India, Saudi Arabia, Syria, and Turkey, respectively, were 0.031,
0.030, 0.022, 0.005, and 0.001%.

As one of the most modern chemometrics techniques for sim-
ulating the chromatographic behavior of various analytes, the
study also included the deployment of both single models and
ensemble machine-learning methodologies. The chemometrics
results show that these models are capable of simulating both
the qualitative and quantitative features of TQ.

In addition, additional metaheuristic methods can be em-
ployed to simulate the chromatographic characteristics of TQ,
such as particle swam optimizations (PSO) and Harris Hawks
optimization techniques (HHO).
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