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Abstract
This concerns P. corcovadensis, an endemic plant of Brazil commonly used by the population due to its therapeutic 
properties. Optimizing chemical extraction conditions is critical for increasing the availability of bioactive compounds 
from plants. These compounds have antioxidant potential derived from a plant’s specialized metabolism and can exhibit 
a variety of biological actions. Therefore, statistical tools such as the Random Forest and Lazy KStar machine learning 
algorithms were used to determine the optimal condition for the extraction of phenolic compounds from P. corcovaden-
sis leaves, with model evaluated by coefficient of determination (R2), mean square root of calibration error (RMSEC), 
and residual predictive deviation (RPD). The optimal extraction condition was obtained using a mixture of 80/20% 
(ethanol/water) at 70 °C for 120 min. For those extracts, there were 11.64 ± 0.04 mg GAE g-1 and antioxidant activity of 
21.27 ± 0.53 mmol Trolox g-1, 33.15 ± 11.66 mmol Trolox g-1, and 13.47 ± 1.37 mmol Fe2+ by DPPH, ABTS and FRAP 
tests. With this study, we have shown that mathematical modelling can also be helpful in experimental sciences and can 
be used to develop predictive models. It was possible to develop predictive models for total phenolic compounds determi-
nation using the Random Forest and Lazy KStar machine learning algorithms. The Random Forest algorithm performed 
very well for DPPH modelling, giving us the confidence to use it to prediction antioxidant activity.
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Introduction

Natural products are compounds synthesized by the spe-
cialized metabolism of plants for defense and adaptation 
within their biological environment (Yao et al. 2023). Phe-
nolic compounds characterized by aromatic rings attached 
to one or more hydroxyl groups are the most abundant type 
of chemical in this metabolic process (Yusoff et al. 2022). 
In addition to their primary function for plants, these com-
pounds may have various biological activities for humans 
and animals, including antioxidant, antimicrobial, anti-
parasitic, anti-inflammatory, photoprotective, and antitu-
mor activities (Mehdizadeh et al. 2024; Sulejmanović et al. 
2024; Zeng et al. 2024).

Piper corcovadensis C.DC is a Brazilian natural plant 
that is widely found in regions covered by the Atlantic 
and Amazon rainforests. It is commonly used empirically 
to treat colds, coughs, rheumatism, and general pain (Her-
rera et al. 2022), and its properties are reported as antioxi-
dant, antimicrobial, and antitumor activities derived from 
its chemical components (Fontoura et al. 2024). However, 
extraction strategies must be studied to improve the quan-
tity of potential extracted, bioavailability, and stability of 

compounds obtained from specific metabolism in this plant 
(de Marsiglia et al. 2023).

The use of solvents with a higher chemical affinity for 
target compounds, e.q. different polarities, as well as the use 
of appropriate time and temperature to avoid degrading of 
the chemical structures, can be cited as important factors for 
maximizing natural antioxidant extraction (Fontoura et al. 
2024). Furthermore, statistical approaches can be used to 
assess how different variables, such as solvent, temperature, 
time, concentration, pressure, etc., can affect the extraction 
process and identify optimal factors and levels to ensure 
that the process takes place under conditions that guarantee 
the highest availability of compounds (Virág et al. 2024). 
When the data obtained cannot be analyzed using analysis 
of variance (ANOVA) due to its non-normal distribution, 
data normalization can solve this problem by changing the 
data distribution and making it parametric (Hamasha et al. 
2022).

Another possibility is to use non-parametric approaches 
that use different probability distributions. One such 
approach is the Generalized Linear Model (GLM), in which 
the data can have an exponential (Adesina et al. 2021). 
This approach is widely used in classifying of hydrocar-
bons (Wang et al. 2021), epidemiological risk predictions 
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(Mudele et al. 2021), and weather forecasting (Chandler 
2020), but it is seldom used in natural products.

In this context, extraction models can be validated using 
machine learning algorithms, prediction and validation 
models are created using decision tree algorithms, displayed 
as a response to the fit of the experimental data with the 
models developed by the algorithm (Sircar et al. 2021). In 
addition, prediction models can be developed using digital 
images obtained by commonly and daily used objects, such 
as smartphones or tablets, making data predictability faster 
and with lower operational costs than traditional experimen-
tal data acquisition approaches (Fontoura et al. 2023).

The application of data analysis models alternative to 
ANOVA, such as Generalized Linear Models (GLM), and 
machine learning (ML) algorithms in the extraction of natu-
ral products represents a methodological advancement by 
enabling the modeling of complex and non-normally dis-
tributed data. This approach improves the prediction of opti-
mal extraction factor levels, contributing to the reduction of 
reagent use, experimental time, and operational costs (Shi 
et al. 2024).

In this study, we aimed to optimize the extraction of phe-
nolic compounds with antioxidant potential from P. corco-
vadensis leaves by adjusting the concentration, temperature, 
and extraction time of the solvent. Additionally, the data was 
treated using a generalized linear model, and a chemometric 
prediction model of the data was constructed through digi-
tal images obtained via smartphone from the total phenolic 
compounds and antioxidant activity assays.

Materials and methods

Chemicals and reagents

Ethanol and Folin-Ciocalteu phenol reagent were obtained 
from Êxodo Cientifica LTDA (Sumaré, SP, Brazil). Gallic 
acid, 2,2-diphenyl-1-picrylhydrayl (DPPH), 2,4,6-tris(2-
pyridyl)-s-triazine (TPTZ), 2–2’-azino-di-(3-ethylbenzthi-
azoline sulfonic acid) (ABTS) and Trolox were purchased 
from Sigma-Aldrich Chemical Co. (St. Louis, MO, USA).

Piper corcovadensis leaves

Samples were collected in the rural area of the municipality 
of Alto Paraíso (Rondônia state – Brazil) (9 ° 44’43’ S; 63 
° 17’0’ W, at 143 m altitude) in October 2021 and gently 
provided by the Fonte Clara Indústria e Comércio de Produ-
tos Naturais LTDA company based in the municipality of 
Bom Sucesso do Sul (Paraná state – Brazil). Piper corco-
vadensis was identified and deposited in the herbarium of 
the Universidade Estadual do Centro Oeste – UNICENTRO 

– Campus Guarapuava (Paraná state – Brazil) under voucher 
# ARAUCA 1154.

The plant material was dried in an oven at 37 ° C until a 
constant mass. Subsequently, it was ground (30 mesh) using 
a knife mill (Tecnal R-TE-650/1 model, Piracicaba, SP, Bra-
zil). The grounded samples were placed in plastic bags and 
stored in a freezer at -12 °C until extraction.

Factorial planning and extraction of phenolic 
compounds

For the extraction of phenolic compounds, a factorial exper-
iment design with three factors was performed: (1) solvent 
mixture (% ethanol/water), (2) extraction temperature (°C), 
(3) and extraction time (minutes) in a water bath. Factors 
were evaluated at five levels, including a central level (0), 
two higher levels (1; 1.68), and two lower levels (-1; -1.68) 
from the central level (Table 1).

For all levels studied, the extract was prepared with 0.1 g 
of dried P. corcovadensis leaves mass in 10 mL of solvent. 
The extracts obtained were stored in a freezer at -12 °C until 
analysis was performed.

Total phenolic compounds (TPC) and antioxidant 
activity (AA)

The TPC analysis was performed using the Folin-Ciocalteu 
spectrophotometric method at 740  nm (UV-Vis, KASVI 
K37), and the results were expressed as mg GAE g− 1 (GAE: 
Gallic acid equivalent) (Singleton et al. 1999).

The antioxidant activity was carried out using the 
DPPH method and evaluated at a wavelength of 517 nm. 
The results were expressed as mmol TE g− 1 (TE: Trolox 
equivalent). The extract obtained under the best conditions 
was also determined using the ABTS radical scavenging 
method and Ferric Reductor Activity Power (FRAP) meth-
ods. Both were evaluated by UV-Vis spectrophotometer at 
wavelengths 734 and 595  nm, respectively. The result of 
the ABTS test was expressed as mmol TE g− 1 (TE: Trolox 
equivalent). The result of the FRAP test was expressed as 
mmol de Fe2+ g− 1(Re et al. 1999).

Statistical analysis of the data set using a 
generalized linear model (GLM)

Statistical analysis was performed using GLM, with a 
gamma probability distribution, using R Studio software. 
The Bonferroni test was conducted to compare the esti-
mated marginal means of each treatment.

The odds ratio between treatments was calculated using 
Eq. (1).
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(Cheng et al. 2022). Regression between models was per-
formed using WEKA® 3.8.5 software, and predicted vs. 
observed plots were developed using R Studio software. 
Evaluation of the precision and performance of the models 
was obtained through the root mean square error of calibra-
tion (RMSEC), coefficient of determination (R²), and resid-
ual predictive deviation (RPD).

Results and discussion

Optimization of phenolic compound extraction with 
data processing using GLM

The results obtained by estimating the marginal means 
(Table 1S for TPC and Table 2 S for DPPH) on a 95% con-
fidence interval indicated that treatment T8 achieved the 
best response for the variables TPC and DPPH for P. corco-
vadensis leaves (Table 1). In this extract, 11.64 ± 0.04 mg 
GAE g− 1 and 21.27 ± 0.53 mmol TE g− 1 were achieved with 
80/20% ethanol/water, 70 °C temperature during 120 min of 
extraction (Table 1). Furthermore, according to the Bonfer-
roni test (Table 3 S), for TPC, T8 compared to all other runs 
(p < 0.05) showed a statistically significant difference.

Treatment T12 showed the lowest levels for TPC values 
(7.29 ± 0.14 mg GAE g− 1). In this condition, ethanol (100%) 
at 60 °C for 80 min of extraction. It did not present a sig-
nificant difference (p < 0.05) compared to treatments T1, T2, 
T5, T6 and T11 (Fig. 1A).

However, for antioxidant activity (AA) using the DPPH 
method, T8 did not show a significant difference (p ≥ 0.05) 
according to the Bonferroni test (Table  4  S) compared to 

logit (π̂ ) =β (Intercept) + β 1xT1
+ β 2xT2 . . . + β 15xT15 � (1)

The overall response to optimize extraction factors was cal-
culated using Eq. (2).

RG =
[
R (x1) /MR (x1) + R (x2) /MR (x2)

+... + R (xn) /MR (xn)

]
� (2)

where R(xn) is the response for an element in a specific 
experiment and MR(xn) is the maximum response in the set 
for element n.

Chemometric modeling using digital images and 
machine learning (ML) algorithms

The models were constructed using images obtained from 
the TPC and DPPH optimization assays. Images were cap-
tured in a mini photographic studio (56 LED-Lampe Evodo-
box 60  cm plus – Evodobox plus) using the camera of a 
smartphone (Apple iPhone®, model SE, 12 MP camera), 
under standardized lighting and distance conditions (Perin 
et al. 2020).

The digital images (8 bits) were cropped to dimensions 
of 400 × 400 dpi using open-source software, GIMP (ver-
sion 2.10.18). RGB colour channels (red, blue, and green), 
HSL standards (hue, saturation, and luminosity), and V and 
I patterns (chromatic vortex, intensity, and brightness) were 
extracted using ChemoStat® software.

The variables were subjected to the VIF (Variance Infla-
tion Factor). This test identifies multicollinearity variables 
and can inflate the model accepted values of VIF ≤ 15 

Table 1  Values encoded and decoded from the three-factor experiment and the results of total phenolic compounds (TPC) and antioxidant activity 
(AA) using the DPPH method
Treatment Factor 1

%Ethanol/Water
Factor 2
Temperature (°C)

Factor 3
Time (min)

TPC
(mg GAE g− 1)

DPPH
(mmol TE g− 1)

T1 -1 (20/80) -1 (50) -1 (50) 7.48 ± 0.00* j** 15.42 ± 0.733 e
T2 -1 (20/80) -1 (50) 1 (120) 7.34 ± 0.06 j 15.37 ± 0.19 e
T3 1 (80/20) -1 (50) -1 (50) 9.52 ± 0.06 i 19.13 ± 0.17 a
T4 1 (80/20) -1 (50) 1 (120) 10.25 ± 0.30 e 19.79 ± 0.19 a
T5 -1 (20/80) 1 (70) -1 (50) 8.30 ± 0.04 j 15.80 ± 0.28 e
T6 -1 (20/80) 1 (70) 1 (120) 8.65 ± 0.07 j 17.20 ± 0.24 d
T7 1 (80/20) 1 (70) -1 (50) 10.86 ± 0.00 c 21.01 ± 0.53 a
T8 1 (80/20) 1 (70) 1 (120) 11.64 ± 0.04 a 21.27 ± 0.53 a
T9 0 (50/50) -1.68 (40) 0 (80) 9.42 ± 0.20 h 18.76 ± 0.40 b
T10 0 (50/50) 1.68 (80) 0 (80) 10.98 ± 0.09 b 20.52 ± 0.63 a
T11 -1.68 (0/100) 0 (60) 0 (80) 6.53 ± 0.07 j 13.89 ± 0.29 f
T12 1.68 (100/100) 0 (60) 0 (80) 7.29 ± 0.14 j 19.56 ± 0.18 a
T13 0 (50/50) 0 (60) -1.68 (30) 9.80 ± 0.05 g 18.77 ± 0.492 a
T14 0 (50) 0 (60) 1.68 (150) 10.52 ± 0.05 d 19.50 ± 0.44 a
T15 (C) 0 (50) 0 (60) 0 (80) 10.24 ± 0.24 f 18.27 ± 0.34 c
Values followed by different letters in the same column are significantly different (p < 0.05). GAE: Gallic acid equivalent, TE: Trolox equivalent, 
C: Central point. The results are expressed as mean ± standard error (n = 3)
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mass transfer between the plant material and the solvent, 
increasing thus the availability of phenolic compounds in 
the extracts (Song et al. 2019).

Although the T1, T5 and T6 treatments have been 
extracted at different temperatures, 50 and 70 °C, accord-
ing to the Bonferroni test, there is no significant difference 
between these treatments (p < 0.05), indicating that the tem-
perature effect was not sufficient to increase the phenolic 
content in the extracts. On the other hand, for treatments 
T3 and T4 (50  °C) and T7 and T8 (70  °C), with ethanol/
water with a rate of 80/20%, significant differences were 
observed (Table 1). It should be noted that as the tempera-
ture increases, so does the concentration of phenolic com-
pound content in the extract. However, treatments with the 
same temperature and solvent ratio also diverged, showing 
a time-dependent factor.

Treatments T11 and T12, with a temperature of 50 °C and 
ethanol/water ratios of 0 and 100%, respectively, did not dif-
fer from each other (p < 0.05), revealing that the temperature 
factor did not have an effect on extraction. Meanwhile, the 
treatments T13, 14, and T15, all with an extraction tempera-
ture of 60  °C and ethanol concentration of 50%, differed 
significantly (p < 0.05), suggesting that the difference in 
phenolic compound content may be due to extraction time. 
However, T10 treatment with 50% ethanol at 80 °C resulted 
in an increase in the phenolic content, indicating that tem-
perature influences extraction (Table 1).

When analyzing antioxidant activity responses (DPPH), 
temperature is not a determining factor for T1, T5, and T6. 
There are no significant differences in the treatments with 
the same solvent ratio and at different temperatures, 50 °C 
and 70 °C (p < 0.05), respectively. Furthermore, there were 

treatments T3, T4, T7, T10, T12 to T14 (Fig.  1B). For 
DPPH, T11 exhibited the lowest antioxidant potential 
obtained from water (100%), a temperature of 60 °C and an 
extraction time of 80 min. It showed a significant difference 
(p ≤ 0.05) compared to the all other treatments (Fig. 1B).

The solvent concentration factor proved to be crucial 
in the extraction of phenolic compounds, as well as in the 
interaction between ethanol and water (Table  1). Treat-
ments T11 and T12, with 0 and 100% ethanol, respectively, 
showed lower extraction efficiency than treatments with sol-
vent interaction.

Treatment T11 with 0% ethanol exhibited the lowest anti-
oxidant potential, and in comparison, treatment T12 with 
100% ethanol showed a higher antioxidant potential and did 
not show a significant difference from T8 (p < 0.05), which 
obtained the highest antioxidant potential. Treatments with 
an ethanol concentration in the range of 20 to 80% showed 
higher levels of TPC and antioxidant activity, indicating that 
lower concentrations of ethanol and higher concentrations 
of water may not be efficient. However, there was better 
extraction efficiency in the 50 to 80% concentration range.

According to Galanakis et al. (2013), the use of solvents 
with high and intermediate polarities, such as water and eth-
anol, respectively, are effective in the extraction of phenolic 
compounds due to the intermolecular interactions (dipole-
dipole, London dispersion forces and hydrogen bonds) of 
the solvent with the chemical structures of the phenolic 
compounds (phenolic acids, hydrolyzable tannins and fla-
vonoids). In addition to the temperature factor, the agita-
tion rate of the plant material, along with the solvent, helps 
to disrupt cell membranes and tissues, increasing cellular 
diffusion. Higher temperature promotes greater outstanding 

Fig. 1  A: Represent the Total Phenolic Compounds (TPC) and B: Represent the antioxidant activity by the DPPH method means of the treatments 
(T1-T15). Different letters indicate a significant difference according to the Bonferroni test (p ≤ 0.05). GAE: Gallic acid equivalent
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total phenolic compounds (TPC). In these treatments, the 
solvent and temperature were kept constant, while only the 
extraction time was modified, resulting in a significant dif-
ference in the phenolic compound content.

Equations for generalized linear model (GLM)

The odds ratio is a statistical measure that is used to quan-
tify the strength of association between two categorical vari-
ables. In other words, it is a ratio of the odds that an event 
will occur in one group compared to another group (Chen et 
al. 2011). The odds ratio associated with these explanatory 
variables can be calculated using Eq. (3).

OR = eβ̂ 1 � (3)

Where e is the base of the natural logarithm (approximately 
2.71828), and β are the model coefficients.

Through Eq.  3 and the significant terms (p < 0.05) in 
the estimation of the parameters (Table  5  S for TPC and 
Table 6 S for DPPH), the odds ratio of one treatment being 
greater than the other was calculated for the analyses TPC 
(Eq. 4) and DPPH (Eq. 5), respectively.

logit (π̂) =1.986 + 0.395xT10 + 0.284xT13
+ 0.358xT14 + 0.340xT15 + 0.250xT3
+ 0.342xT4 + 0.121xT5 + 0.160xT6
+ 0.375xT7 + 0.452xT8 + 0.281xT9

� (4)

logit (π̂) =2.631 + 0.105xT1 + 0.391xT10
+ 0.343xT12 + 0.301xT13 + 0.340xT14
+ 0.276xT15 + 0.102xT2 + 0.320xT3
+ 0.354xT4 + 0.129xT5 + 0.194xT6
+ 0.414xT7 + 0.426xT8 + 0.301xT9

� (5)

In this order, the odds ratio was calculated and compared 
with the treatment that showed the lowest levels of TPC and 
DPPH, T12, and T11, respectively. In the TPC assay, it was 
revealed that treatment T8, which exhibits higher levels of 
TPC, has an odds ratio of 57.1% higher probability of hav-
ing higher levels compared to samples of treatment T12. 
The nature of the solvent, the adequate extraction tempera-
ture, and the extraction time are essential for the interaction 
with the compounds of the plant matrix.

Regarding the other treatments, T10, T7, T14, and T4 
showed odds ratios of 48.40, 45.50, 43.10, and 40.70%, 
respectively, to be higher compared to T12. However, they 
all show significant differences (p ≤ 0.05) when compared to 
T8 treatment samples.

Table 1 shows that all the specified treatments had sol-
vent mixtures ranging from 50 to 80% ethanol/water. The 
enhancement in extraction observed in samples from treat-
ments T10 and T14, which used a mixture of 50% ethanol/

no significant differences between treatments T3 and T4 
(p ≥ 0.05) with an extraction temperature of 50 °C, and T7 
and T8 with an extraction temperature of 70 °C and solvent 
ratio (80/20% ethanol/water) (Table 1).

Treatments T11 and T12 with 0 and 100% ethanol and 
the same extraction temperature (50  °C) did not diverge 
(p ≤ 0.05), indicating that the temperature was not influ-
enced, with only the solvent having an effect. Similarly, 
treatments T13, T14 and T15, all with 50% ethanol and an 
extraction temperature of 60 °C, did not show a significant 
difference between T13 and T14. Only T15 diverged from 
the other samples, and this disparity could be explained by 
the extraction time (80 min), different from T13 and T14 (30 
and 150 min, respectively) (Table 1).

Treatment T10 with 50% ethanol and 80 °C (the highest 
temperature tested) was not observed to show a significant 
difference with T3, T4 and T12 (all with a temperature of 
50 °C), T7 and T8 (with 70 °C) and T13 and T14 (60 °C), 
again suggesting that the temperature factor does not deter-
mine the antioxidant potential of the extract.

In this study, the extraction time was a determinant and 
influenced the content of phenolic compounds of treatments 
with the same solvent ratio and temperature, such as T7 
and T8 (80% ethanol and 70 °C). It was observed that T7, 
which had an extraction time of 50 min, had a lower phe-
nolic content compared to T8, which had an extraction time 
of 120 min. Both samples exhibited a significant difference 
(p ≤ 0.05). However, for DPPH, there was no significant dif-
ference between the treatments.

The samples from treatments T13, T14, and T15 with the 
same solvent mixture ratio and temperature (50% ethanol 
and 60  °C) showed a significant difference between them 
for TPC (p ≤ 0.05). It could be seen that the extraction times 
were 30, 150, and 80 min, respectively. It was noted that 
T14, which had a 150 min extraction time, had a higher con-
tent of phenolic compounds in the extract.

The extraction time is crucial in the extraction process 
as it determines the duration of contact between the plant 
material and the solvent (Chamali et al. 2023). In cases 
where all other factors are the same, increasing the extrac-
tion time can significantly enhance the content of pheno-
lic compounds and compounds with antioxidant potential. 
From an analytical perspective, it is evident that the extrac-
tion processes are influenced by several key factors; these 
factors include the solvent mixture composition and its 
interactions with the compounds present in the plant mate-
rial, the extraction temperature, and the duration of expo-
sure of the plant material to the solvent and heating. These 
factors are of utmost importance in determining the success 
of the extraction process. Changes in any of the studied fac-
tors led to variations in the levels of bioactive compounds, 
as observed in treatments T3 and T4 for the extraction of 
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Piper krukoffii, and Piper putumayonse, which had TPC 
levels of 10.62 ± 0.02, 16.84 ± 0.07, and 22.20 ± 0.11  mg 
GAE g− 1, respectively. These values are consistent with 
those obtained in the current study.

Plants of the genus Piper are rich in lignans, which are 
specialized metabolites (polyphenols) characteristic of this 
genus and possess antioxidant and pharmacological activi-
ties (Oliveira-Alves et al. 2022).(Parmar et al. 1997).

In a study conducted by Fan et al. 2023; the antioxidant 
activity of various lignans derived from plants of the Piper 
genus was investigated. The study demonstrated antioxi-
dant activity using the ABTS and DPPH methods. These 
results validate the hypothesis that these compounds found 
in Piperaceae plants may be responsible for the observed 
antioxidant activity.

It is important to take into account that, in addition to the 
factors examined in this study (solvent mixture and polar-
ity, temperature and extraction time), environmental factors 
such as location, seasonality, stress levels, and the species 
under study can have an impact on the amounts of total phe-
nolic compounds (TPC).

Predictive chemometric modeling using digital 
images and machine learning algorithms

For the construction of predictive models, digital images 
(Fig. 2A for TPC and 2B for DPPH) were used.

Information obtained through the color channels was 
subjected to the VIF test. The following color attributes 
were retained for TPC (Fig. 3A): V (VIF: 6.56), G (VIF: 
6.46) and R (VIF: 0.97). Similarly, for DPPH, attributes H 
(VIF: 13.12), V (VIF: 8.21), and S (VIF: 4.04) were retained 
(Fig. 3B).

A higher coefficient of determination (R²) value, close 
to 1, indicates a good prediction, according to the study 
conducted by Andrés et al. 2007; values of R² ≥ 0.80 can 
already be considered adequate in predictive modeling.

According to Grooten et al. (2023) the closer the 
RMSEC parameter is to 0, the less adjustment the model 
needs. For the RPD parameter, it can be interpreted in three 
ways: weak prediction (RPD < 1.4), reasonable prediction 
(1.4 ≥ RPD ≤ 2.0), and strong prediction (RPD > 2.0) (Lu et 
al. 2023).

For the construction of the predictive model for TPC, the 
Random Forest (RF) algorithm (Fig.  4A-B) and the Lazy 
Kstar (LKS) algorithm (Fig. 4C-D) were used.

Figure 4A depicts the model produced by the algorithm, 
while Fig. 4B illustrates the cross-validation process. The 
R² value was 0.99 and 0.95 for the model and validation, 
respectively. This suggests that the predicted and observed 
values are quite similar.

water, can be attributed to the influence of temperature and 
time factors. These factors compensate for the lower affinity 
of the solvent towards the phenolic compounds.

For the DPPH antioxidant activity assay, treatment T8, 
which has an odds ratio of 53.2% higher than T11 (0% etha-
nol), exhibited reduced antioxidant potential. Therefore, it is 
evident that the antioxidant potential of the extract increases 
when using a higher ethanol content in the solvent mix-
ture, longer time, and higher temperature of the extraction 
process.

Other treatments that did not show significant differences 
compared to T8 (p ≥ 0.05) were T7, T10, T4, T12, T14, T3, 
and T13, which had odds ratios of 51.3, 47.8, 42.5, 40.8, 
40.4, 37.7, and 35.2%, respectively.

Treatments with a solvent concentration between 21 and 
100% had higher odds ratios of greater than T11. It is evident 
that treatment T10 (50% (ethanol / water) showed a better 
antioxidant potential compared to T4 (80%/20% (ethanol/
water)). This can be attributed to the combined influence of 
solvent concentration and temperature, where the tempera-
ture factor likely leads to a higher content of compounds 
with antioxidant potential in the extract.

Global response (GR) and antioxidant activity by 
ABTS and FRAP methods

Using GR analysis, it was determined that the treatment 
with the best performance in the extraction of phenolic com-
pounds and antioxidant potential was T8 (80/20% (ethanol/
water), 70  °C and 120  min). Therefore, according to the 
information reported in the previous sections and subjected 
to statistical analysis, the antioxidant activity of the extract 
T8 was further tested using the ABTS and FRAP procedures. 
In fact, the determination of antioxidant activity should be 
carried out using different approaches that complement each 
other, considering that each methodology has a specific and 
distinct reaction mechanism capable of accurately assess-
ing the antioxidant activity of certain groups of compounds 
with different polarities, varied functional groups, and dif-
ferent antioxidant mechanisms (Munteanu and Apetrei 
2021; Oliveira-Alves et al. 2022).

The extract T8 exhibited a significant high antioxidant 
potential of 33.15 ± 11.66 mmol Trolox g− 1 and 13.47 ± 1.37 
mmol Fe+ 2 g− 1 as determined by the ABTS and FRAP 
assays, respectively. These results provide additional sup-
port for the findings of the present study.

The antioxidant activity values of P. corcovadensis are 
scarce in the literature, for comparative purposes. However, 
in a study conducted by Lizcano et al. (2010), infusions of 
the leaves of plants of the Piper genus were made by agi-
tating them in water for 15 min and allowing them to rest 
for 10 min. The plants used were Piper glandulosissimum, 
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4.45, indicating accurate prediction with minimal adjust-
ment requirements. Regarding validation, it was observed 
that the model had a lower R² value and a higher RMSEC 
value (RMSEC = 0.713), suggesting a slight need for model 
data adjustment. However, the RPD score of 2.56, suggests 
that the prediction is sufficiently accurate.

Predictive modeling of antioxidant activity using the 
DPPH method was constructed using the RF algorithm. For 
the model (Fig. 4E), the R² value was 0.99, the RMSEC was 
0.252, and the RPD was 8.48. It can be considered a good 

Regarding the RMSEC and RPD values, the model 
showed a value of 0.276 for RMSEC and 5.39 for RPD, 
indicating that the model does not require adjustment and 
that the prediction can be considered adequate for this type 
of model.

The modelling for TPC using the LKS algorithm obtained 
an R² value of 0.97 for the model (Fig. 4C) and 0.93 for vali-
dation (Fig. 4D), values considered adequate for regression.

Regarding the RMSEC and RPD values, the model dem-
onstrated an RMSEC value of 0.333 and an RPD value of 

Fig. 2  Images used in the construction of the TPC (A) and DPPH (B) predictive model
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parameters to ensure accurate predictions when dealing 
with new species.

Conclusion

The optimization of the extraction conditions of compounds 
with antioxidant activity from P. corcovadensis yielded 
optimal results for total phenolic compounds (TPC) and 
antioxidant activity using an 80/20% ethanol-water mix-
ture, an extraction temperature of 70 °C, and an extraction 
time of 120  min, as determined through readily available 
machine learning and statistical tools.

Statistical tools employed in this study, such as GLM, 
have been demonstrated to be efficient in data analysis 
based on antioxidant activity data. The TPC levels obtained 
were consistent with those reported in the literature for 
the Piper genus. The current study successfully developed 
machine learning predictive models for TPC and DPPH, 

prediction by analyzing the parameters and evaluating the 
quality of the model.

For the cross-validation analysis (Fig. 4F), the value of 
R2 was found to be 0.98. Furthermore, the mean square 
error of calibration (RMSEC) and the ratio of performance 
to deviation (RPD) were 0.537 and 5.13, respectively. These 
values indicate a higher level of precision in the prediction.

Finally, it is essential to emphasize that when building 
predictive models, it is important to optimize the extrac-
tion process and eliminate experimental errors. It is crucial 
to carefully consider suitable statistical variables and use 
machine learning (ML) algorithms that best suit the model 
to ensure accurate predictions. The use of GLM and ML in 
data analysis and prediction of bioactive compounds is lim-
ited to specific plant species and the predetermined extrac-
tion factors and their levels. Changes in extraction factors or 
the use of a new plant species can invalidate the constructed 
models, requiring a new optimization and adjustment of 

Fig. 3  A: Variance Inflation Factor (VIF) for TPC; B: Predictive Model for DPPH Test
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and accelerating the determination of plant biological 
activities.

Furthermore, the reduction of operational costs and 
extraction time, combined with machine learning tools 
to predict compound levels, can be applied to industrial 

demonstrating a strong predictive capability. Using photog-
raphy to create predictive models to assess the total phenolic 
compounds (TPC) and the antioxidant activity (AA) con-
tent efficiently reduces both time and operational costs. This 
approach could emerge as a future strategy for optimizing 

Fig. 4  Model predictive regression (A) and validation for TPC (B) 
using the RF algorithm (Random Forest), predictive regression (C) 
and validation (D) models for TPC using the LKS algorithm (Lazy 

Kstar) and model predictive regression (E) and validation (F) for 
DPPH using the RF algorithm (Random Forest)
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processes, making them more accessible and sustainable. 
Additionally, photography as a method for analyzing and 
predicting phenolic compounds may represent an innovative 
and low-cost strategy for optimizing large-scale processes, 
contributing to the economic and environmental viability of 
natural product extractions for various industries, such as 
cosmetics, pharmaceuticals, and food.
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